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Abstract

Urban population is expected to exceed 70% of the world’s total by the middle of the 21st
century. Thus, growth in number as well as the sizes of the cities are certain in the near future.
The urbanization rates will be much higher in the developing countries than the developed. Such
phenomena are accompanied by conversion of land cover from its natural use to built up
environment to accommodation growing population. Built up surfaces include road networks,
buildings, parking lots and pathways. They are permanently impervious and hydrologically
active surfaces. Large volume and discharges of runoff characterize impervious surfaces with
frequently occurring flash floods in cities. Besides, proliferating impervious surface is
responsible for increasing surface temperature due to Urban Heat Island effect and are the major
Nonpoint Source pollutants in the receiving water bodies. At the face of climate change, the
consequence of urbanization and increasing impervious surface is exacerbating. Therefore, for
sustainable development, spatial and temporal expansion information of impervious surfaces is
essential to the planners. Thus, the overall objective of this thesis is to map the impervious
surfaces and estimate the expansion rates in the growing cities of Punjab, Pakistan in the last four
years.

In this thesis, combined and individual datasets from Sentinel-1 and Sentinel-2 satellites
were used to extract the amounts of impervious surfaces at city scale and to estimate the
expansion rates of various cities of Punjab, Pakistan. The study period for the change analysis is
from 2015-2021 based on the availability of satellite imagery. The satellite imageries were
obtained from the Copernicus Services Data Hub. Information on different land covers in the
iii

form of reflectance, backscattering signal, and texture from a wide range of electromagnetic
spectrum of light derived from Sentinels were used to map impervious surfaces. The following
land covers were defined: barren soil, vegetation, water, and built-up surface. Four classification
models were created from Random Forest algorithms and trained with land covers samples from
Google Earth high resolution imagery. The 10 cities considered in this study were among the 50
cities extensively studied by the Urban Unit Pakistan covering the dynamics of Punjab in terms
of urban extent, population distribution, area, and expansion. They make up the 21st largest cities
in the province as well as represent spatial distribution from north to south. They include various
climatic conditions ranging from arid in Multan to humid subtropical in Rawalpindi. They also
represent different topographies of the cities such as plain and hilly. Validation samples for each
land cover were also obtained from high resolution images to assess the classified land cover
maps. Apart from validation of classified maps, quantitative comparison of resultant impervious
surfaces was also conducted. For the purpose, the study used published datasets from Atlas of
Urban Expansion and the Copernicus Land Service. If available, administrative boundaries of the
cities were also used to define the urban extent. For other cities, coordinates were manually
defined.

The combined Sentinel datasets were able to improve the overall accuracy and kappa
coefficient of the classified maps by up to 11% and 7% respectively. McNemar test revealed that
the models trained with fused data performed better than the models trained with optical alone
data for land cover classification. The cities were expanding at rates ranging from 0.5% to 2.5%
annually. The highest rate was encountered in Rawalpindi-Islamabad which is also the capital
city of Pakistan. At least for one of the study years (2015/6 or 2020/21) the area was being
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overestimated by the single optical data. For instance, the optical data overestimated the
impervious area of Lahore by a factor of 1.12 times while that of Bahawalpur by a factor of 1.2
times. The incorrect original results attributed to misclassification of barren soil as built up. This
conclusion emphasized that additional information on backscattering signal and texture derived
from radar image aided to reduce the misclassified bare soil pixels into built up. Spectrum plots
also showed that sigma db and variance bands from radar image added a distinct feature to the
classifier to distinguish built-up surfaces from other non built-up surfaces. The built-up surface
had the highest value in backscatter signals and variance texture bands.

This study emphasized the usefulness of combining freely available remote sensing
datasets for updating the city scale impervious surfaces cover information in developing
countries. The contribution includes the assessment of suitability of combined Sentinel datasets
to map the impervious surface at city scale. It also evaluates the rate of expansion of the cities. In
conclusion, the combined radar and optical data can enhance the accuracy of classified maps for
impervious cover mapping with benefits in complex topographies to update impervious surface
information in developing countries. The results from this study could be used as inputs in
hydrological and runoff models for urban studies. Other useful applications could be service
allocation, drainage improvement, location determination for low impact development (LID)
structures, stormwater utility fee determinations, flood control, and pollutants removal from
runoff.
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Chapter 1. Introduction
1.1 Research Background

“Our planet is becoming a planet of cities,” is the very first line of chapter one in Angel
et al. (2012)’s Atlas of Urban Expansion. Through this quote the authors wanted to bring our
attention towards the burgeoning global urbanization trend. As of 2010, there were 4,231 cities
in the world with more than 100,000 in population. This is an additional 585 from 2000. In
addition to these numbers, the sizes of the cities are also growing at a faster pace. Natural
landscapes are being replaced by impervious surfaces (IS) to accommodate the growing urban
population (Richards 1990, Imbe et al., 1997, Nascimento et al., 1999, Wickham et al., 2002,
Jones et al., 2000). Any man-made materials that restrain the infiltration of water are known as
IS. Activities such as building construction, transportation networks, pavements, parking lots,
etc. contribute to cities’ expanding IS.

The concept of urban expansion coincides with IS expansion. Cities are expanding at the
cost of encroaching agricultural and natural land (Bukhary et al., 2018). Arnold and Gibbons
(1996) and Shuster et al. (2005) especially consider IS as a principal indicator of the
environmental and water budget impact of urbanization. Research primarily focusing on
correlating change in land use and IS accompanied the field of urban hydrology as early as 1970
(Chithra et al., 2015). Unlike some naturally occurring IS, such as compacted soils, frozen soils,
saturated soils, etc. (Novotny and Chesters, 1981), urbanized surfaces are permanently
impervious and hydrologically active (Barnes et al., 2002). Barnes et al. (2001) also state that the
asphalt and concrete making up the urbanized surfaces act as “desert-like” hydrologically and
1

generate large runoff volumes and discharge during intense storms reducing the infiltration.
Consequences may include flash floods and relatively dry conditions shortly after, according to
Christopherson (2001) (as cited in Barnes et al., 2001). Reduction in infiltration also impacts
groundwater recharge (Rahaman et al., 2019; Shrestha et al., 2021; Mistry et al., 2019; Bukhary
et al., 2018; Chen et al., 2017; Klein, 1979; Harbor and Jonathan, 1994; Pappas et al., 2008;
Schueler et al., 2009). It is detrimental, as there is a large dependence on groundwater globally,
with an annual withdrawal rate of 982 km3 (Margat and vans der Gun, 2013). Besides, increase
in surface runoff resulting from increase in impervious surfaces, leads to challenges of
stormwater management (Thakali et al., 2016, 2018; Forsee and Ahmad 2011) and water quality
issues (Sattari et al., 2020; Rusuli et al., 2015; Venkatesan et al., 2011; Babaei et al., 2019).
Increasing surface temperature is another cause of IS expansion. With declining vegetation
cover, less water is available for evapotranspiration, which diverts much solar energy into heat
(Douglas, 1983; Christopherson, 2001). Heat waves are becoming more frequent, longer, and
more intense at the face of climate change and IS expansion. The World Health Organization
(WHO) states that the negative effects of heat are compounded in cities due to urban heat island
(UHI) effects. Between 1998-2017 there were more than 166,000 deaths due to extreme
temperatures (WHO).

Besides, concrete coverage hinders the natural system of absorbance and cleaning of
stormwater due to declining forested land, agricultural land, wetlands, and other open spaces
(Leopold, 1968; Carter, 1961). Greater impervious covers correspond to greater amounts of
toxins, such as heavy metals and chemical pollutants, nutrients, pathogens, and sediments
collected on the surfaces. These components are deposited in the receiving streams during
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rainfall events. The degraded water quality, thus, has an immense effect on aquatic life, and
eventually the whole ecosystem, in addition to human health if consumed. Climate change
impacting both temperature and precipitation (Tamaddun et al., 2016; 2019a,b; Pathak et al.,
2017; Nyaupane et al., 2018; Chen et al., 2019) can further exacerbate the impacts of increase in
impervious surfaces by increasing streamflow (Kalra et al., 2017), flooding (Naeem et al., 2021;
Ahmad and Simonovic 2001; Mosquera-Machado and Ahmad 2007) and public health issues
(Impoinvil et al., 2007a,b; Amoueyan et al., 2017; 2019, 2020). Studies have also correlated the
IS with the source contamination. Hence, both the quantity and quality of different water sources
are highly affected by IS proliferation. Information on a watershed’s or city’s IS cover serves as
a predictive variable to estimate pollutant loads in simulation and empirical models. The
imperviousness is directly proportional to the amount of pollutant loads (Schueler 1987).
Additionally, provision of services such as water supply and wastewater collection in urban areas
also increases the carbon footprint due to water-energy nexus, contributing to global warming
(Bukhary et al 2020a,b,c ; Baily et al., 2020, 2021; Shrestha et al., 2011; 2012).

Angel et al. (2012) and Birch and Wachter (2011) also highlight that the process will be
more detrimental in developing countries, as more than 70% of the world's population is
expected to reside in urban areas by 2050 (UN 2008). When the rate jumped from under 30% in
1950 to over 50% in 2010 (UN, 2012), Pakistan was among the developing countries with
significant urbanization, despite the poverty. Glaeser (2014) argues that even with the absence of
income growth, urbanization brings about more reliability and prosperity than rural areas with
resource deprivation. With a comprehensive study, Glaeser (2014) also suggests that
urbanization results in institutional development. Pakistan Vision 2025 states that in Pakistan,
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more than three quarters of GDP is contributed from cities (as cited in Mumtaz et al., 2018).
Urbanization uplifts economic growth in developing countries making the trend inevitable for the
nation’s prosperity. Precisely 1% urbanization brings about 1.1% economic growth. Pakistan’s
urban population is expected to exceed 50% in next five years (Planning Commission, 2014).
Such urbanization rates are certain to be accompanied by the growth of built-up surfaces,
confirming the importance of information on cities’ IS cover.

1.2 Research Motivation
Apart from hydrological impacts, there are social consequences of unplanned
urbanization in line with its high rates in developing countries. Therefore, the governance and
planning of such areas are essential to address. An accurate estimation of cities’ IS covers and
the expansion rates can alert planners for proper service allocation. Secondly, knowledge on the
expansion of IS helps in city planning and other management activities (Paz et al., 2013). Such
activities include improving drainage, determining locations for low impact development (LID)
structures, determining stormwater utility fees and flood control, and removing pollution from
runoff (Schueler, 1994; Arnold & Gibbons, 1996).
Satellite remote sensing has been used for various studies of environmental change
(Ahmad et al., 2010; Puri et al., 2011a,b; Stephen et al., 2010a,b). Donnay et al. (2001) argue on
the potentiality of remote sensing with urban data for urban studies (as cited in Bhatta, 2010).
Especially for the derivation of IS cover information, detailed spatial and temporal analysis of
land-use/ land-cover is needed. Similarly, Ward et al. (2000) affirms the relevance of remote
sensing in identifying land cover characteristics, and the spatial and temporal transition.
According to Jensen (2006) “Remote sensing is the non-contact recording of information from
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the ultraviolet, visible, infrared, and microwave regions of the electromagnetic spectrum by
means of instruments such as cameras, scanners, lasers, linear arrays, and/or area arrays located
on platforms such as aircraft or spacecraft, and the analysis of acquired information by means of
visual and digital image processing.” This is the complete summation of a wide range of remote
sensors (RS) observing our earth from high above. RS data includes aerial photography and
satellite imagery which can observe a large area of earth at a single glance. NASA (2001)
emphasized the value added by advances in RS based land surface mapping. The resultant urban
maps from such advancements can considerably capture more detailed urban growth and sprawl
information.
Sustainable development and management of urban areas requires information on the
ongoing dynamic processes and patterns of the urban environment (Dawadi and Ahmad 2013;
Ahmad 2016; Chen et al., 2017). This interests scientists, resources managers, and planners
(Bhatta 2010). Such information can also benefit the development of Sustainable Development
Goals (SDGs) targeted for developing world by the United Nations. SDG goal 11 targets to make
city safe, resilient, and sustainable while SDG goal 6 aims to provide proper water supply and
sanitation for all by 2030. The achievement of such goals demands comprehensive knowledge of
growth rates and expansion patterns of the cities. Booth and Jackson (1997) and Zhou et al.
(2012) brings attention to overwhelmed capacity of urban infrastructure such as water supply
networks, solid waste management, storm water drainage due to lack of knowledge on the
expected amount of impervious surface and the corresponding surface runoff. Several studies
such as Pauleit et al. (2005), Perry and Nawaz (2008), Verbeeck et al. (2011), Warhurst et al.
(2014), and Lee et al. (2017) highlight the cases of such post-implementation of IS in cities (as
cited in Strohbach et al., 2019). According to United Nations (UN) 2.2 billion people lack safe
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drinking water and 4.2 billion people lack safe sanitation and percentage of slum population rose
to 24% in 2018. Therefore, an inclusive society with proportionate distribution of urban services
is the core emphasis of SDGs.
Many published studies have utilized medium resolution images (up to 100m) for land
cover classification to extract urban IS such as Landsat (Wu & Murray 2003, Yang et al., 2003,
Lu & Weng 2006) due to their long temporal availability. Other RS images include Terra’s
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) (Lu & Weng
2006), and Advanced Land Imager (ALI) (Weng et al., 2008). However, such medium resolution
images limit the thematic details, rendering them suitable only for large scale. Whereas they are
coarse for mapping complex and heterogeneous nature of materials in urban IS (Weng & Hu
2008) causing problems of mixed pixel.
Even with advances, limitations persist in utilizing RS data, such as ambiguity with land
uses and misinterpretation of land covers. Twenty-eight among the 112 studies reviewed by Joshi
et al. (2016) concludes improvement in their land cover results with fused optical and radar data,
relative to a single data source. They identified data fusion as a promising tool, due to its ability
to combine land property information from multiple sensors having different fundamental
physical principles (Joshi et al., 2016). For example, spectral reflectance and various indices
(e.g., Normalized Difference Built up Index (NDBI)) of built up surface from several optical
bands depend on the material. Similarly, microwave energy scattered by surfaces from a radar
sensor depends on orientation and dielectric properties. Some studies also emphasize the
prospects of combining multiple sources to enhance the earth’s surface cover information
extracted from RS. For example, Kuc and Chormanski (2019) performed a fusion of multitemporal and multi-resolution S-2 data to map the IS of Warsaw. Others include mapping
6

inundation areas (Manakos et al., 2019). Since extended cloud coverage accompanies flood
events, Manakos et al. (2019) explored the various combinations of S-1 and S-2 training datasets.
In another study, Clerici et al. (2017) stacked the layers of 10 bands from S-2, four derived
indices, and six texture bands from S-1 together to classify the land covers of the Lower
Magdalen region of Colombia. They concluded more accurate land cover land use (LCLU)
classification from the integration of texture and spectral information along with object-based
classification (Clerici et al., 2017).
In recent years, the European Space Agency (ESA) has developed a mission of the
Sentinel family, with high spatial and temporal resolution under its Copernicus services. Like
Landsat, they can be accessed freely from Copernicus Open Access Hub. Land surface mapping
is one of the major applications of their mission (Attema et al., 2008). Particularly the Sentinel-1
(S-1) pair (A&B) and Sentinel-2 (S-2) pair (A&B) carry active radar and passive optical sensors
with as high as 10 m resolution bands and five days revisit time. Both optical and radar sensors
have a unique way of representing earth’s surfaces. In comparison to Landsat, only few studies
have used Sentinel images since they were launched only in 2015. Phiri et al. (2020) sorted out
only 204 articles that used Sentinel-2 and directly addressed land cover/use mapping between
2015 and 2020. With high spatial resolution, fusion of Sentinel data could be promising to
overcome the limitation of city scale impervious surface mapping and mixed-pixel problem of
medium resolution images. However, land cover mapping for urban IS extraction from Sentinel
data remains understudied.
Traditional means of recording the IS and expansion include cost and labor-intensive
surveys and data collection. These conventional practices are not suitable, with little resource
allocation and frequent inadequacy in developing countries. Other limitations include outdated
7

data, generalized format, and simply absent information. While there are prospects of earth
observation as an independent data source, the comprehensive study of cities’ dynamics in
developing countries requires further research. There are two advantages that Sentinel data can
offer to developing countries: high spatial and temporal resolution images and free access policy
that offsets limited financial resources for the remotely sensed data acquisition (Phiri et al.,
2020).
Such studies inspire the need to test the suitability of combining open-source datasets and
develop reliable and cost-effective impervious surface mapping methods in developing countries
such as Pakistan. Haphazard and unplanned urbanization in the country is leading to sprawl
along with inadequate service provisions to the citizens. To ensure sustainable growth in the
future, improved governance and effective planning is essential, which demands a thorough
understanding of how their cities are expanding. The most populated province in the country,
Punjab, needs similar attention in some of its fastest growing cities. As every country has its
unique administrative units, Pakistan is divided into five provinces. Each province is further
divided into division and districts. The urban management functions such as urban planning
operates under the country's provincial government. Thus, relevant information and statistical
urban data remains limited below the district level making the city scale study challenging (State
of Pakistani Cities 2018). In such cases remote sensing comes to play a vital role. The Urban
Unit conducted a time-series assessment of the urban extents for 50 cities of the Punjab using
Landsat data. In their result, 16 of the 50 cities expanded more than 100% in area from 19952005 (Urban Atlas Punjab). The capital Lahore is expected to grow almost double in 2025.
Besides Lahore, other cities, including Faisalabad, Gujranwala, Sialkot, Sheikhupura, and
Rawalpindi, also have high urban growth rates (Mukhtar et. al., 2018). Gujranwala, Bahawalpur,
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Rawalpindi-Islamabad, and Lahore made the top 15 cities in terms of percentage of urban extent
change from 2005-2015. While people are likely to migrate to Faisalabad city as it is an
industrial region with employment prospects. According to State of Pakistani Cities (2018),
Lahore, Faisalabad, Gujranwala, Rawalpindi-Islamabad, and Multan are among the 10 largest
cities that make up more than half of the total urban population. Such a trend demands
monitoring schemes at city level to track the quantity and sprawling patterns of IS in those cities.
It is thus essential to address the limitation of medium resolution data that are commonly used.
With this motivation, the presented thesis work utilizes the freely accessible S-1 and S-2 Satellite
data and assesses the suitability of combined datasets in quantifying the IS and estimating urban
expansion rates in the cities of Punjab. The broader impact of this work is for urban monitoring.
This study focuses on filling the following gaps in the past literature: utilizes and analyzes the
potential of Sentinel data in IS extraction at city level, and assesses the value added by
combination of SAR and MSI data over MSI alone.

1.3 Research Objective
The overarching objective of this study is to create a reliable methodology to map city
scale IS in Pakistan using publicly accessible datasets. The objective aims to help the country’s
growing cities in urban monitoring and sustainable development in a cost-effective way.
Therefore, the formulation of the technique is targeted for developing countries. This study also
assesses the potentiality of fusing the available data sources for information extraction and
analyses the possibility of identifying spatial growth patterns in the cities from the results. The
goal of this study is to provide useful insights on the growing IS of the cities to the policy
makers.
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To achieve the goal, this thesis is divided into two objectives. The first objective is to quantify
the impervious surfaces of Lahore city at multi-temporal scale and estimate the growth rate using
the fusion of S-1 and S-2 data. In the census data of 1998, the migrated population made up
16.4% of the total (Pakistan Bureau of Statistics, 1998), which is among the main causes of
growth. The city is also the growing hub of commerce and trade making its further urbanization
inevitable. The Punjab Bureau of Statistics (2017) states that 100% of the population lives in
urban areas, declaring the whole Lahore district as urbanized.
The second objective is to quantify the IS of nine other growing cities of Pakistan and
estimate the growth in the past four years using the fusion of S-1 and S-2 datasets. The goal of
the second objective is to analyze if the fusion of dataset produces reliable results regardless of
the climate, geography, and sizes of the cities. The nine cities are Rawalpindi-Islamabad, Multan,
Faisalabad, Bahawalpur, Gujranwala, Sahiwal, Sheikhupura and Khanewal. For instance,
Islamabad is also a fast-growing city. Khan et al. (2020) identified that the city’s IS area grew
from 43.27 Km2 to 157.03 Km2 in 25 years (1993-2018). The cities under consideration are
among the 50 cities thoroughly studied by the Urban Unit Pakistan in terms of population and
urban extent growth. For methodology formulation and analysis, the research attempts to answer
the following questions from the two objectives.
Objective 1: Mapping the impervious surface of Lahore city using a fusion of Sentinel-1 and
Sentinel-2 data.
Research Questions:
1. How well does the combined dataset perform in mapping the impervious surfaces of
Lahore?
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2. What is the city’s rate of expansion for the study period (October 2015 to March 2021)?
Objective 2: Mapping the impervious surfaces of Punjab’s growing cities using a fusion of
Sentinel-1 and Sentinel-2 data.
Research Questions:
1. How consistently does the fused dataset improve the performance of classified land cover
maps of the cities?
2. Are there any specific benefits of adding radar data with respect to geography and terrain
of cities?
3. What are the rates of expansion of the cities under consideration for the study period
(February 2016 to February 2020)?
It is important to develop a reliable methodology to analyze the temporal and spatial
expansion of IS in the cities of developing countries, such as Pakistan, for sustainable and
balanced development. Manual techniques are costly and labor intensive, while the capital
investment of GPS and commercial remote sensing data are not always applicable. Besides,
some cities might have a complete absence of administrative data due to lack of resources,
making open access remote sensing data the only alternative. Especially, city level analysis
demands detailed study. Due to the negative consequences of ad hoc development on the
hydrology and ecosystem, it is essential to keep track of expanding IS in the cities.

1.4 Thesis Organization

The research work completed during this project are presented in manuscript format.
There are four chapters. The first chapter is called “Introduction” and consists of the problem
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statement, need of this study and summarizes previously published research about this topic. It
also states the research objectives and formulates research questions for the following chapters.
The second chapter is a manuscript titled “Mapping the impervious surface of Lahore city using
fusion of Sentinel-1 and Sentinel-2 data.” This chapter addresses the first set of research
questions under Objective 1. It combines the datasets from both Sentinel-1 and Sentinel-2 images
to examine the value added by the fusion in mapping the impervious surfaces at city scale. It
analyses the improvement in the classified maps in terms of overall accuracy and kappa
coefficient due to addition of radar bands to the optical image and finally estimates the growth of
Lahore city in the past five years. The third chapter is a manuscript titled “Mapping the
impervious surfaces of growing cities of Punjab using fusion of Sentinel-1 and Sentinel-2 data.”
While the primary objective of this chapter is similar to chapter 2, it focuses on the suitability of
the fused datasets for the cities regardless of their geographical variations and sizes. The outputs
from Chapter 3 will aid in answering the reserved questions under objective 2. It is essential to
assess the reliability and versatility of independent remotely sensed data for urban studies in
developing countries like Pakistan where other sources may be absent a lot of the time. Overall
both chapter emphasize the potential use of open access and advance data from Sentinel satellites
for urban monitoring. Chapter 4 provides an overview of the research work, contributions, and
limitations. It also contains some recommendations for future work.
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Chapter 2. Mapping the Impervious Surface of Lahore City Using Fusion of Sentinel-1 and
Sentinel-2 Data

Abstract
Urbanization leads to new development in open spaces and agricultural fields,
synonymous with increasing impervious surfaces across a growing city such as Lahore. Such
surfaces restrain the natural infiltration of water, as well as directly affect the non-point source
pollution. Thus, consequential events like flooding and surface water degradation require spatial
and quantitative information on impervious surfaces. Remote sensing technologies are widely
used to map the impervious surfaces of various geographical locations through land cover
classification methods. In this study, the datasets from recently launched European Space
Agency satellites (Sentinel-1 and Sentinel-2) were used. A supervised classifier, Random Forest,
is used for image classification. The impervious surface area of Lahore city in 2015 and 2021, as
well as growth trends, are assessed. Results are validated based on classification accuracy and
comparison with similar datasets produced by other studies. The main objective was to develop a
reliable, cost-effective, and timely method for impervious surface mapping, utilizing a land
cover-type quantification technique from multisource remote sensing datasets. A non-parametric
test called McNemar test was used to determine statistical significance of results obtained from
optical alone and fused data. With a Chi-square value of greater than 3.84 the performance of
fused data was superior to that of optical alone data in the classifier. Over a five-year period, the
impervious surface of Lahore increased at an annual rate of 2.14%. The result obtained was
comparable with that of the Atlas of Urban Expansion. Improvements in overall accuracy (2.7%)
and kappa coefficient (5%) were also seen in classified maps from fused datasets. Fusion of
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Sentinel satellite data sets provides a cost-effective means of impervious surface mapping at city
scale as an indicator of environmental quality. Knowledge about the imperviousness of Lahore is
valuable for environmental management, as well as for sustainable urban development of the
city.
2.1 Introduction

Urban population is projected to exceed 70% of total in the middle of the 21st century
(UN 2008). Despite its global occurrence, the rate will differ among developed and developing
nations (Birch & Wachter, 2011). According to the United Nations 95% of the urbanization will
occur in the developing world in the next decade. Besides the number, the size of urban areas are
also growing. Angel et al. (2012) reported that 28 of the 30 cities under study expanded by more
than 16-fold from 1900-2000. The cities were expanding at twice the rate of their population
growth. Pakistan is no exception, with an annual urbanization rate at 3%, which is the fastest in
South Asia (Kotkin & Cox, 2013). It is the sixth most populous country, while 36th largest in
area (Pakistan Bureau of Statistics, 2017). Lahore is the largest city in the country’s most
populous province, Punjab. It has a history of doubling its built up surfaces within a decade from
1999 to 2011. A study conducted by Rana and Bhatti (2018) suggests further growth of the city
with similar or higher rates of urbanization, thus making its growth inspection vital for
sustainable development.

The concept of urbanization is interchangeable with the expansion of impervious surfaces
of the cities. Such conversion of land use and land cover have adverse impacts on ecosystems
and land systems (Lawler et al., 2014; Schröter et al., 2005). Impervious surfaces prevent the
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percolation of water into the soil, disturbing the natural hydrology. Batool et al. (2019)
concluded the expanding impervious surface due to conversion of agricultural land in the
southeast of Lahore city was the principal cause behind the degrading ground water source. A
city’s imperviousness directly affects the non-point source (NPS) pollution, as well as the
amount of runoff. This in turn degrades the quality of nearby water sources (Arnold & Gibbons,
1996).

Impervious surfaces can be mapped from four methods: ground surveys, global
positioning systems (GPS), aerial photo interpretation and photogrammetry, and satellite remote
sensing (Stocker, 1998). Remote sensing (RS) is gaining popularity. Remote sensing images
might be the only source of information for developing countries, though ground-based data and
high-resolution imagery promise an accurate land cover and land use dataset (Fritz et al., 2017).
One way to extract an impervious surface is through land cover classification. RS images can
capture the unique properties of covers as a function of their varying reflectance, as well as the
surfaces’ backscattering values within a wide spectrum of light range. In their study, Phiri et al.
(2020) emphasize the utilization of RS in agricultural, urban development, and forest monitoring.
Dams et al. (2013) used medium resolution satellite data to map the impervious surface of Kleine
Nete basin in Belgium. While Lu et al. (2011) utilizes commercial very high-resolution remote
sensing datasets for comparative mapping of impervious surfaces of two urban sites in Brazil.
Both studies emphasize the importance of quantification of impervious surfaces as an indicator
of urbanization.
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In recent years, the European Space Agency (ESA) has developed a mission of the
sentinel family to fulfill the revisit and coverage requirements for Copernicus services. S-1 (A
and B) are a pair of radar satellites launched in 2014 and 2016, respectively. While S-2 (A and
B) are a pair of optical satellites launched in 2015 and 2017, respectively. Attema et al. (2008)
states that land surface mapping is one of the major applications of these satellites. With
improved temporal, spectral, and spatial resolution, they are also compatible with other optical
and radar satellites such as Landsat, ERS-1, ERS-2, Envisat, and Radarsat (Davidson et al.,
2010). Together they can provide a wide range of reflectance and backscattering information
from different land covers.
The dataset fusion technique is burgeoning research in recent years, with a wide range of
applications, including remote sensing (Blum and Liu 2018). Fusion led to enhancement of
spectral and spatial information from optical sensors by all-weather acquisition capability, cloud
penetration capacity, and the sensitivity to dielectric properties and surface roughness of radar
sensors (Mahyouba et al., 2019). Studies have used fusion to improve land use/land cover
classification (Zhang et al., 2018; Sukawattanavijit et al., 2015; Waske et al., 2007; McNairn et
al., 2009; Hong et al., 2014; Stefanski et al., 2014). Studies also support the use of multi-sensor
satellite data in classifying impervious surfaces in urban environments (Civco & Hurd 1997; Ji &
Jensen, 1999; Ridd, 1995). Despite their additive values, fusion of radar and optical sensors need
more exploitation (Joshi et al., 2016). There are three processing levels of fusion: pixel level,
feature level, and decision level; the former being the most basic, which comprises geocoding
and co-registration to stack the images’ pixels (Pohl and Van Genderen 1998).
One of the popular supervised classification methods is random forest (RF). The
algorithm is a collection of decision trees that use ensembled learning techniques for
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classification and regression.The remote sensing community recognizes RF classifiers for their
accuracy (Belgiu & Drăguţ, 2016) with increasing application in land-cover classification (Chan
& Paelinckx, 2008; Ghimire et al., 2010; Lawrence et al., 2006; Pal, 2005; Sesnie et al., 2008).
Gislason et. al. (2006), Kulkarni and Lowe (2016) concluded the outperformance of RF when
compared to other ensemble methods, maximum likelihood, minimum distance, decision trees,
neural network, and support vector machine. Further, Rodriguez-Galiano et al. (2012) produced a
land cover map for the province of Granada, Spain with more than 90% accuracy using the
algorithm.
Although fast-paced urbanization demands the need to track the impervious surface
expansion in cities, (Seto and Reenberg 2014) developing countries lack a reliable source of
information. Punjab Cities Growth Atlas (section 3: Urban Expansion 50 Cities of Punjab) states
that the urban area of expansion of Lahore was 61% from 1995 to 2005 and 115% from 2005 to
2015. According to the findings, Lahore will almost double in 2025, with respect to 2015.
Studies have sparked interest in the detection and analysis of impervious surfaces using
remote sensing. Knowledge on impervious surfaces within the watershed is useful in examining
the non-point sources (NPS) of pollution. NPS runoff over urban surfaces degrades the quality of
water, highlighting the impervious surface percentage of the watershed as a principal indicator.
In their thorough review, Slonecker et al. (2001) focused on the potential of RS for the
assessment of type, extent, and distribution of impervious surfaces. Various other studies have
reported the need for attention to impervious surfaces in city planning efforts (Monday et al.,
1994, Kienegger, 1992; Plunk et al., 1990). Slonecker et al. (2001) also reviewed articles that
derived impervious surfaces using RS and aerial photos and used them as input in SCS and
SWMM watershed models. Inputs from both sources produced comparable outcomes from the
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watershed models. There was improvement in accuracy in detection of impervious surfaces in
the studies conducted by Plunk et al. (1990) and Morgan et al. (1993) while using thematic
mapper (TM) and SPOT images with improved spatial resolution, radiometry, and spectral
sensitivity over their predecessors. This makes the Sentinel dataset even more appealing for the
task.
There have been studies that focused on the environmental impacts of urban growth in
Lahore city using RS, such as impervious area mapping with operational land imager (OLI)
imagery and Normalized Difference Built up Index (NDBI) (Asad et al., 2017, Bhatti and
Tripathi, 2014). Other studies have analyzed the relation between land surface temperature and
land use change (Imran & Mehmood, 2020; Shah & Ghauri, 2015; Nasar-u-Minallah, 2020). In
addition, this study contributes additional information on the expansion of Lahore from 2015 to
2021. Such information on impervious surfaces is an important indicator of environmental
sustainability for the future development of the city.
In this research, authors have mapped the impervious surface of Lahore city for the years
2015 and 2021. The objective is achieved by utilizing a remote sensing approach with data
fusion of freely available Sentinel satellite imagery. The land cover classification to extract
impervious surfaces is performed using random forest classifiers. The results were validated
using unique pixels of each land cover from high resolution images as well as from quantitative
analysis with datasets from Angel et al. (2012) and Buchhorn et al. (2020). The classified maps
from fused data were also compared with HRI scenes. The study also utilizes open-source
software for image processing and classification. The radar-optical pairs have the potential to add
values in terms of improved spatial resolution of (10m); a wide range of spectrum ranging from
blue in the visible to near infrared; backscattering information; and short revisit time (6 days)
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(“MultiSpectral Instrument Overview,” n.d, para. 2). A cost-, time-, and labor-effective method
is developed to update the impervious surface inventory, and examine the spatial growth pattern
of the city, identifying the locations with impervious surface increases.
This paper is organized as follows. Study area and data are presented in Section 1
followed by methods in Section 2. Then the results are given in Section 3. Finally, discussion
and conclusion statements in Section 4 terminates the paper.
2.2 Study Area and Data

2.2.1 Lahore City
The study area comprises Lahore city, which lies in the western most part of Pakistan, on
the southern bank of the Ravi River. The country is subdivided into five provinces. Its second
largest province, Punjab, is the most populated with an urbanization rate of 36.71%; Lahore is its
capital. The city, which was established 2000 years ago, is also the second largest in the country
in terms of population. Its location is often defined as strategic, as it lies between two large and
powerful countries, which has created disputes in the past. The city’s latitude and longitude
coordinates are: 31.582045, and 74.329376 (Figure 2-1). It is the largest city in the province,
with an area of 665 km2(as of 2015) and population of 11,126,285 (“Population of Major Cities
Census,” 2017). Among the 150 union councils (UCs) the city comprises, 122 are identified as
urban and the remainder as rural/peri-urban (Punjab Bureau of Statistics, 2015). Alongside being
jeweled with historical monuments, the city is a famous education center and is flourishing in the
tourism and entertainment sectors. The climate of the city is considered semi-arid (Köppen
climate classification BSh), with May and January as the hottest and coldest months,
respectively. Some past years faced extreme temperature fluctuations with a record high of
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52.8 C, and record low of -2.7 C with snowfall in some parts (“Smoke not smog,” 2010,
o

o

“Quetta,” 2011). The city receives an annual average rainfall of 628.88 mm (Wayback Machine,
2010). Lahore has flat terrain with a mean sea level elevation of 217 m. Its eastern boundary
holds the country’s third busiest airport, Allama Iqbal International Airport (“History of Allama
Iqbal International Airport, Lahore,” 2016). Other features include the Upper Bari Doab Canal
running through some parts of the city (Mujtaba et al., 2007). With just 3% green cover,
impervious surfaces, or concrete cover, are prominent in the city.

Figure 2-1: Map of Study area: Lahore city. True color composite from Sentinel 2 images
(2015).
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2.2.2 Dataset
This section explains the datasets used in this study to map the impervious surface of
Lahore city and urban expansion analysis. The Sentinel family includes various sensors for land,
ocean, and atmospheric monitoring. This study sheds light on S-1 and S-2 pairs. S-1 is an active
radar satellite with a C-band Synthetic Aperture Radar (C-SAR) sensor. It operates at 5.405 GHz
frequency. Among its various acquisition modes and product levels available for multiple uses,
ground range detected (GRD) products in interferometric wide (IW) swath mode are apt for land
monitoring. S-2s, on the other hand, are passive satellites with Multispectral Instrument (MSI)
optical sensors. They carry 13 spectral bands ranging from 0.443 to 2.190 μm central
wavelengths given in Table 2-1. These bands are available in 10m, 20m and 60m spatial
resolutions. Both sensors provide researchers with high resolution images of up to 10-m spatial
resolution and six days revisit period. The dates of images acquisition are listed in Table 2-2
below. Similarly, Table 2-3 has the specifications of the data used in this study. 31.75 N and
o

74.58 E were used to define the extent of the city for image processing.
o
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Table 2-1: Spectral bands of Sentinel-2A sensors and their spatial resolution.
Band names (S-2A)
B1-Coastal Aerosol
B2-Blue
B3-Green
B4-Red
B5-Red Edge
B6-Red Edge
B7-Red Edge
B8-NIR
B8A-Narrow NIR
B9-Water Vapor
B10-SWIR Cirrus
B11-SWIR
B12-SWIR

Central Wavelength
(μm)
0.443
0.492
0.559
0.664
0.704
0.74
0.782
0.832
0.864
0.945
1.373
1.613
2.219

Spatial
Resolution (m)
60
10
10
10
20
20
20
10
20
60
60
20
20

In this study four Sentinel images were downloaded for the study area via the website
www.scihub.copernicus.eu/dhus/#/home. Two include radar images and another two optical
images. There are four acquisition modes: Interferometric Wide (IW) swath mode, Extra Wide
(EW) swath mode, Wave Mode (WM), and Stripmap Mode (SM) for S-1 data. Each mode can
produce products at Level-0, Level-1 Single Look Complex (SLC), Level-1 Ground Range
Detected (GRD) and Level-2 Ocean (OCN). Most application over land is supported by level-1
GRD products obtained in Interferometric Wide (IW) swath mode. Therefore, single date
Sentinel 1A Level-1 GRD product in IW swath mode were acquired in September 25 2015 and
February 25 2021 respectively over Lahore city. At IW mode, GRD product can transmit the Cwaves in either horizontal (H) and vertical (V) polarization as well as receive in both channels
thus supporting VV, VH, HV and HH bands. These products are multi-looked and projected to
ground range using Earth ellipsoid model and have square spatial resolution pixels at 10m.
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Similarly, Level 1C Sentinel-2A product was acquired on October 1 2015 and Level 2A
Sentinel-2A product was acquired in March 3 2021. The radar and optical images are not more
than a week apart in acquisition date and cloud cover in latter are less than 1%. All the raw
images obtained were in jp2 format, which was later converted into Tiff format for compatibility
with GIS and R.

Table 2-2: Acquisition dates of the images used in the study.
Acquisition date

2015

Cloud cover (%)

2021

Cloud cover (%)

S-1 image

September 25

-

February 25

-

S-2 image

October 01

0

March 03

0.4
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Table 2-3: Sources and purpose of the datasets used in the study with specifications.
Data

Purpose

Source

Spatial
resolution

Temporal
resolution

Sensor

S-1A

Classification
and fusion

Copernicus
open access
hub

10m

6 days

SAR

S-2A

Classification
and fusion

Copernicus
open access
hub

10m, 20m,
60m

5 days

MSI

DEM

Terrain
correction

USGS

1 arc-sec

-

SRTM

High resolution Pixel based
imagery
validation &
Comparative
analysis

Google
Earth Pro

15m 15cm

-

Combination of
satellite images,
aerial photos
and GIS data

Global land
cover maps

Quantitative
validation

Copernicus
Land
Service

100 m

1 year

Proba-V

Lahore land
cover map

Quantitative
validation

Atlas of
Urban
Expansion
(2016)

30 m

-

OLI

Administrative
boundary

Extent
definition

Atlas of
Urban
Expansion
(2016)

-

-

ESRI shapefile

2.3 Methodology
The following section describes the methodology used to achieve the objectives of the
study. It is divided into five subsections: obtaining the images, preprocessing, classification,
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validation, and quantification. The detailed flowchart of the research methodology is illustrated
in Figure 2-2 and Figure 2-3. The images of Lahore city were obtained from the Copernicus
Open Access database for the years 2016 and 2020. SNAP and ArcGIS pro were used to
preprocess both S-1 and S-2 images and to prepare them for band stacking. RF classification
algorithms were run in R software packages for land cover classification.

Figure 2-2: Overall framework of methodology to map the impervious surface of Lahore city.
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Figure 2-3: Quantification of impervious areas from 2015 to 2021.

2.3.1 Obtaining the Images

This study uses S-1 and S-2 satellite images, accessed from the Copernicus Services Data
Hub. The data hub provides an interactive interface to filter the date, satellite pairs, and cloud
percentage for optical and acquisition mode for radar satellite images. Two images each from S1 and S-2 for 2015 and 2021 for Lahore were obtained whose dates are given in Table 2-2. A
region of interest box was created to define the extent of the city. The study time was chosen
based on the largest time span covered by the satellites, along with the least cloud cover. While
the cloud cover did not hinder the radar images, the optical mode, on the other hand, had
frequent encounters. Therefore, S-2 limited the availability of images to some extent; as for
fusion, the images were acquired from both sensors a few days apart.
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2.3.2 Preprocessing of the Images

Preprocessing of the images was performed in two platforms: Sentinel Application
Platform (SNAP) and ArcGIS pro. The former is a collection of free open source tool boxes
developed by ESA. It supports the scientific exploitation of Earth observation missions: ERSENVISAT missions, Sentinels 1/2/3, Proba-V, and a range of National and third party missions.
The first step of preprocessing the S-1 image was subsetting. The north, south, east and west
coordinates of the city of Lahore were used to crop the image into the extent of our interest. For
consistency purposes the VH polarization was eliminated while subsetting the image from 2020
as the band was absent in the 2016 image. Then an updated orbit file was applied to acquire
accurate information on position and velocity of the satellite. SNAP allowed us to directly
download the orbital information from the internet. Next, the low intensity noise and invalid data
on scene edges were removed by the border noise removal algorithm in SNAP (SNAP 2019).
Similarly, thermal noise removal algorithms were used to normalize the backscatter signal within
the image scene. It was followed by calibration where the digital number of each pixel was
converted into radiometrically calibrated SAR backscatter called sigma naught values. The
information required for the calibration equation was contained in the metadata of the product in
the form of look up tables (LUT). The backscatter values have a significant variation with
properties of scattering surface (SNAP 2019).
The side-looking geometry of the satellite creates some distortion in the image.
Therefore, a range doppler terrain correction algorithm was applied in SNAP for a more realistic
geometric representation of the image. For such correction, reference digital elevation models
were required for precise geolocation. 1 arc-sec SRTM DEM data was used for the correction.
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The unit-less sigma naught values of the pixels were then converted to dB using a logarithmic
transformation (Fillipino, 2019).
Finally, to gain additional information from the radar images, the computed texture
measures were computed using the grey level co-occurrence matrix (GLCM) in SNAP. The
spatial relationships of pixels were captured by identifying the pattern based on the
neighborhood size provided (Haralick, 1979; Jenicka & Suruliandi, 2014). The resultant matrix
stores the occurrence frequency of pixel pairs with specific grey level values (G) (Haralick,
1979). Grey level indicates the brightness of a pixel. Depending on the digitization depth, an
image 12-bit deep has a minimum value of 0 and maximum of 4095 for G. A grayscale or color
image can take any value within the range. G depends on both spatial orientation and
displacement. Abdel-Hamid et al. (2018) states that such measures are common in image
classification. However, Hall-Beyer (2017) argues that not all ten measures (offered in SNAP for
GLCM computation) are apt for selection due to the existence of auto-correlation between some.
Therefore, two of the four least correlated (Hall-Beyer, 2017) measures: contrast and variance
(similar to Clerici et al., 2017) were chosen. A 5x5 moving window for the neighborhood as well
as single pixel displacement was used (Clerici et al., 2017; Numbisi et al., 2018). Contrast
measure provides the number of local variations in the image (Haralick et al., 1973) such as
water bodies having comparatively lower values than grassland cover (Caballero et al., 2020).
Similarly, variance emphasizes the partial characteristics of the radar image.
Though the S-1 image supports all four cross polarizations (VV, VH, HV, and HH), 2021
image had both VV and VH polarizations, whereas 2015 image had only VV polarization band.
Therefore, for a consistent classification result VH channel was eliminated from 2021 image
while subsetting. Such that there were two additional bands in the form of texture measures in
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each radar image. Following the preprocessing, the S-1 images were re-projected to UTM zone
43 from WGS to align with the coordinate reference system (CRS) of S-2 images in ArcGIS. A
bilinear interpolation resampling method was used for the alignment of extents.
Similarly, S-2 image preprocessing included atmospheric correction, resampling, and
subsetting. For 2015, only top of atmosphere (TOA) level 1 products were accessible. Therefore,
the sen2cor algorithm was applied in SNAP to convert the product into the bottom of atmosphere
(BOA) level 2 product. This algorithm uses reflective properties of scene and cloud screening to
establish accurate atmospheric and surface parameters. The series of corrections included: cirrus
correction, scene classification, aerosol optical thickness retrieval, and water vapor retrieval.
Sen2cor correction eliminated band B10, as it only provides information on cirrus clouds, but not
of the land (Main-Knorn et al., 2017). In order to stack the bands of S-1 and S-2, the spatial
resolution, coordinate reference system (CRS), and extent of both images must match. However,
S-2 products consist of multiple spatial resolutions within its 12 remaining bands. Thus, the next
step was to resample the product. The 20m and 60m S-2 bands were resampled in SNAP using a
bilinear interpolation method. Finally, the north, south, east and west coordinates of Lahore were
used to crop the image into the extent of interest. Additionally, two bands, B1 and B9 which
were originally 60m resolution (refer Table 2-1) were removed while subsetting. The final
product included 10 bands.

2.3.3 Stacking
Stacking of bands from both sensors was performed in open source software, R 4.2.0. In
the final images, there were 14 features after stacking the images. Prior to stacking the bands,
normalized built up index (NDBI) was developed using Equation 1.
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Where B11 is a short-wave infrared band and B8 is a near infrared band. Built up
surfaces ve relatively higher reflectance in band 11 (Kuc and Chormanski, 2019) than non-built
up surfaces such as vegetation, water, and bare fields, which could be a useful feature for ISM.
The S-1 image was then reprojected to UTM (zone 43 N) coordinate system and the extent of the
image was adjusted to coincide that of the S-2 image, while preserving the resolution (10m) prior
to stacking the 10 bands from the S-2 image, 1 index, and 3 bands (vv-polarization, variance and
contrast) from the S-1 image. Then using stack command in R, a rasterstack was formed that
contained all 14 features combined in a single raster file. Such a stacking mechanism is also
known as pixel-based fusion, which is the most preliminary level of multisensor image fusion.

2.3.4 Random Forest Classification

RF works on the principle of growing diversified decision trees from different training
data subsets through bagging. From the total features (14 in our case), a certain number of
random features are selected to classify a new dataset. Each time the dataset is classified by a
specific number of trees (500 in our case, described later). From the training dataset provided, ⅔
are randomly used to grow a decision tree, while the remaining become a part of another subset
called out-of-bag (OOB). The process repeats for the training of the nth tree, where OOB
elements can be classified each time for performance evaluation (Peters et al., 2007).
Number of trees [ntree(k)] and number of features in each split [mtry (m)] are the
significant components to determine the implementation of RF classifier (Breiman 2001).
Thannoi and Kappas (2018) tested and evaluated the accuracy of the classifier by ranging the
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ntree as 100, 200, 500, and 1000, and mtry as 1:10 with a step size of 1. S-2 images with 10
bands were used for classification, equaling 10 variables for the classifier, and used the same
input dataset for all parameter tuning. In their results, when mtry was equal to 2, 3, or 4, the
overall accuracy with ntree equal to 200, 500 and 1000 did not differ much. Similarly, the OOB
error plummeted when ntree increased from 1 to 100, while OOB error fell slightly in all datasets
when ntree increased from 101 to 400. However, OOB error stabilized when ntree increased
from 400 to 500, making it the optimal value. Therefore, in this study, 500 trees and 4 as the
mtry value were employed throughout the land cover classification of Lahore. This method
outputs the class that is the mode of the classes from individual trees (Ho, 1995; Ho, 1998).
Accuracy is enhanced through utilizing individual tree strengths, while circumventing their
weaknesses (Ghimire et al., 2010; Kotsiantis & Pintelas, 2004).
Four RF models were trained, two for fused images with all 14 features, and another two
for optical images with 11 features (deducting bands from radar image). Around 17,000 training
pixels were extracted from the high-resolution image for different land covers to train the
models. To comply with spatial arrangement of pixels in the satellite image, regular shapes for
training polygons were created. Four land cover classes were defined for Lahore: built-up,
barren, vegetation, and water. The built-up class included all the impervious surfaces such as
roadways, runway, parking lots, pavements and commercial and residential buildings. The
samples were picked such that they were spread in all directions of the city. Each pixel was
assigned a class by the RF model based on the best fit of reflectance value, NDBI value,
backscattering value and texture value with respect to the training set provided.
According to Nyquist theorem with 10m x 10m spatial resolution the smallest spatial
feature that can be reliably detected is 20m x 20m. therefore, urban features such as cluster of
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buildings, broad boulevard, runways, and broad roadways were delineated as training samples.
Although some roads were narrower than 20m width, their unique linear feature could be
identified by the satellite images. It was also made sure that enough pixels were obtained in a
training polygon for the reliable representation of the land cover. Large samples were created for
barren, vegetation, and water classes as well.
The classification was performed in R version 4.0.2 in a 64-bit processor. Both S-1 and
S-2 images were imported as raster files with different bands as individual layers. For the S-2
image, a factor of 1/10,000 needs to be multiplied to the level-2A digital numbers (DN) of the
pixels to gain surface reflectance values (Main-Knorn et al. 2017). Seventy-five percent of the
training dataset was used to train the model, and rest to test the model. Since the objective is to
assess how well the combination of bands from both satellite images can map the built-up
surfaces, all of the 14 features were kept.

2.3.5 Validation
The RF model uses a quarter of the training samples provided for the model testing
purpose. The performance of the models was analyzed by the overall accuracy (OA) and kappa
coefficient for the test set. The RF model first predicts the test set on its own and compares the
result with the reference data. A confusion matrix is produced, and OA and kappa coefficients
are computed from the matrix.
The RF models were used to predict the whole image of Lahore. The reliability of the
resultant land cover maps was assessed using two measures, OA and kappa coefficient. For
which a confusion matrix was prepared. The assessment was performed with all the four classes
of land covers. It is to assure the quality and user confidence on the produced maps. Around
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10,000 validation pixels were used which were unique to the training samples. Similar to training
samples, validation pixels were also picked such that they cover all the directions in the city. The
locations with heterogeneous land covers were chosen for robust accuracy assessment.
The land cover maps were reclassified into binary images with two classes, built up and
non-built up, and performed a qualitative comparison with HRI with visual inspection. The
corresponding scenes from the binary maps and HRI were arranged. Discussions on how well the
maps were able to capture different land covers in those scenes were also made later in the result
and discussion section. The binary maps were also quantitatively validated. For this a
comparative study of their results with two other published datasets was performed, which
includes Angel et al. (2016) and Buchhorn et al. (2020). The former studied a global sample of
200 cities with Lahore as one of them. As a result of the first two phases of their research, they
produced extensive aspects of expansion of those cities. They have the urban extent data of
Lahore for 2013 as well as rate of expansion from 2000 to 2013. The latter releases 100m
resolution annual land cover products from 2015 to 2019. The cover fractions present in the raw
image were: bare and sparse vegetation, built-up, cropland, forest, herbaceous vegetation, moss
and lichen, seasonal inland water, shrubland, snow and ice and permanent inland water
(Buchhorn et al., 2020). A 20x20 degree tile which covers the whole area of Pakistan was
downloaded for the intercomparison of the results.

2.3.6 Quantification and Spatial Pattern Analysis
The classified land cover maps were first reclassified into binary maps. The final maps
contained built up class and non built-up class where vegetation, water and barren classes were
merged. The reclassified maps gave two values throughout the image extent, 1 denoting built up
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and 0 denoting non built-up classes. To quantify the impervious surface, the number of pixels
identified as 1 were counted from the attribute table of the maps in ArcGIS and multiplied with
the square of spatial resolution of the images i.e. 10m. The values were then converted to km .
2

The binary maps obtained from fused dataset were then overlaid to observe the spatial pattern of
growth in Lahore. Such practices are common among studies (Aguejdad & Hubert-Moy, 2016;
Hashidu et al., 2019).

2.3.7 Test of Statistical Significance of Two Models

Two RF models were trained for each study year. McNemar test was used to test
statistical significance in extraction of built-up class for impervious surface mapping of the
cities. Foody 2004, De Leeuw et al. (2006), and Petropoulos et al. (2012) also supports the test to
highlight which of the classification models performs better. It is a non-parametric test developed
by Quinn McNemar (McNemar, 1947) applied to 2x2 contingency table based on correctly and
incorrectly classified pixels by both models. The null hypothesis in the test states that difference
in results from both models are statistically insignificant. Therefore, a 2x2 confusion matrix
based on the correctly and incorrectly classified built-up pixels against the validation samples in
both RF models was prepared to calculate the Z-value according to Foody 2004 and Gao et al.
(2006) as given in Equation 2.

𝑍=

,

,
,

(2)

,
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Where nf,o are number of samples correctly classified by RF model trained with fused
data but incorrectly classified by RF model trained with optical alone data. Here, under the null
hypothesis the Z value follows a chi-squared distribution with one degree of freedom (Foody
2004, Robertson & King 2011). The test is expressed using a chi-squared value according to
Foody (2004) as given in Equation 3.

𝜒 =

(

,

)

,
,

(3)

,

When a χ2 value exceeds 3.84 then the difference in results from two RF models are
statistically significant or the null hypothesis can be rejected at 95% confidence level (p≤0.05)
(Mallinis et al., 2014, Abdel-Rahman et al., 2014, Omer et al., 2015 and Li et al., 2017).

2.4 Results and Discussion
This section provides the results from this study with discussion. Firstly, the final
products of processed S-1 and S-2 images are presented. Then the quantifications of Lahore’s
impervious surface area in 2015 and 2021 are presented, followed by the expansion rate acquired
during the study period. Each result section is followed by discussion emphasizing the spatial
growth pattern in Lahore.

2.4.1 Processed and Stacked Images
The image preprocessing results include compatible radar and optical images for pixel
level fusion. There are two final radar images of Lahore for each year, 2015 and 2021. The first
has only one band: sigma db. The second image has two bands: contrast texture and variance
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texture, while there is only one optical image of the city. Finally, a single product with 11 bands
from the optical image and three bands from the radar image is obtained, which is later used for
land cover map preparation.

2.4.2 Land Cover Maps
Figure 2-4 shows the RF land cover classification results of S-2 alone and the combined
S-1 and S-2 dataset for 2015 and 2021, respectively. Four land covers are depicted by different
colors: barren class as brown, built-up class as red, vegetation class as yellow, and water class as
blue. Only a small area is covered by barren or open space, while vegetation cover is significant.
The vegetation cover includes tree cover, grassland, golf courses, and mostly cultivated land.
The Ravi River flowing to the east of Lahore makes up most of the water class. The total area
covered by each map is 1406.12 km2.
With RF, users have control over limited sources to improve the algorithm’s
performance, but the quality of land cover maps produced highly influences the accuracy of
impervious surface mapping. Therefore, Abd Manaf et al. (2016) stated that training samples
impact the quality of classification results. For instance, tuning the RF classifiers with varying
numbers of trees and features to split the node does not affect the overall accuracy of the
classification significantly, while the failure of missing some distinct land cover classes confuses
the classifier when assigning a class to the pixel.
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Figure 2-4: RF classification results of the Sentinel data (optical and fused) for 2015 and
2021.
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2.4.3 Results from Validation
The validation results are presented in Tables 2-4 and 2-5 for the RF models and
classified land cover maps, respectively. Table 2-4 shows that all the four models resulted in
more than 95% overall accuracy, and more than a 0.95 kappa coefficient for the testing datasets.
The model predicted 99% of the test data correctly for the fused dataset of 2015. From Table 2-5,
the OAs of optical and fused data are 90.8% and 92.1%, respectively, and the kappa coefficients
are 0.86 and 0.88, respectively, for 2015. This shows an improvement in the classification by
2%. Similarly, for 2021, the OAs of the optical and fused data are 92.3% and 95%, respectively,
and the kappa coefficients are 0.87 and 0.92, respectively. This shows an improvement in the
classification by 5%. Since the maps’ OAs from all datasets are greater than 80%, 2% or 5%
improvement may not be significant to alter the quality and user confidence on the product.
However, when city land cover maps are demanded during extreme weather or cloudy seasons,
optical images alone may not suitable for map production. In such cases, improving the accuracy
from 75% to 80% plays a significant role. An accuracy measure of greater than 80% is
considered a good fit with the validation data. Therefore, radar images have the capacity to
improve confidence in the produced land cover maps.
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Table 2-4: Random forest model statistics for optical and fused images for 2016 and 2020.
Model Statistics
2015
Optical

2021

Fusion

Optical

Fusion

OA (%)

Kappa

OA (%)

Kappa

OA (%)

Kappa

OA (%)

Kappa

98.2

0.97

99

0.98

97.5

0.96

98.7

0.98

From the spectral signature plot in Figure 2-5, some valuable information added by the
radar bands in the land cover classification are identified. In the plot, it is seen that in the sigma
db backscattering band and variance texture derived from radar image, built up cover had the
highest value, which could be important information for the RF classifiers. Such a distinct
feature is helpful for the classifier in differentiating different land covers. This might have
improved the overall accuracy and kappa coefficient of the classified maps from fused dataset.
One optical image constraint is limited spectral resolution, which causes different building roofs,
roads, and parking lots to appear as different colors. This makes the automatic extraction of
impervious surfaces challenging (Lu et al., 2011). Therefore, Shaban and Dikshit (2001), Zhang
et al. (2003), Puissant et al. (2005), Aguera et al. (2008), and Pacifici et al. (2009) suggest texture
as one of the measures to reduce the impact of spectral variation within the same land cover (as
cited in Lu et al., 2011). Additionally, with free access S-1 datasets, the calculation of texture
measures is possible with low computational cost, unlike in the past.
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Table 2-5: Overall accuracy and kappa coefficients of classified maps using optical and fused
images.
Validation Result
2015
Optical

2021

Fusion

Optical

Fusion

OA (%)

Kappa

OA (%)

Kappa

OA (%)

Kappa

OA (%)

Kappa

90.8

0.86

92.1

0.88

92.3

0.87

95

0.92

Figure 2-5: Spectral signature of each land cover used in the classification for 2015 training data.
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Figure A-1 (Refer Appendix A) illustrates the corresponding scenes from the binary maps
and HRI side by side for a qualitative comparison of the impervious surface maps produced in
this study. In Figure A-1 (a), the map partially captures the airport runway with distinct features
of Lahore’s ring road and the Askari X apartment complex to the North. Figures A-1(b) and A1(c) show that agricultural fields, barren land, parks enclosed within housing settlements, and
stadiums (Lahore race club) are not mixed with the built-up surface. Both densely populated
settlements in Figure A-1 (d) and buildings mixed with greenery in Figure A-1 (e) are identified
on the map. Additionally, in Figure A-1 (f), the built-up surface around the rich cultivated area is
clearly differentiated. Through visual inspection the impervious surface maps seem reliable in
identifying the presence of dense, sparse, or fixed shaped built-up surfaces in the city.
Figure 2-6 compares the binary maps from three different sources: current study, Angel et
al. (2016), and Copernicus Global Land Service (CGLS). According to Angel et al. (2016), the
urban extent of Lahore in 2013 was 396.3 km . The study’s urban extent included the following
2

land covers: urban built up, suburban built up, rural built up, urbanized open space, and exurban
built-up areas. The authors computed an 3.6% average annual rate of urban extent expansion
from 2000 to 2013 for the city. With this rate, Lahore’s projected urban extent in 2015 was
425km . They utilized 30 m spatial resolution images from Landsat satellites. This area is 8.7%
2

greater than the result produced in the current study.
Similarly, according to Buchhorn et al. (2020), the urban extent of Lahore in 2015 was
395.6 km . They utilized 100 m spatial resolution images from Proba-V for their analysis. Their
2

result is 1% greater than the result produced in the current study. The impervious surface areas of
Lahore as computed from the above sources are given in Table 2-6.
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The difference in impervious surface areas of Lahore obtained from these three sources
can be attributed to the spatial resolutions of the datasets used by the studies. From HRI, it was
seen that in some distinct areas on the west and northwest of Lahore airport, built up surfaces
were heterogeneously mixed with grassland, trees, barren fields, and other open surfaces. In such
areas, the land cover patches were lumped as built up by the 30 m spatial resolution Landsat
image and 100 m spatial resolution Proba-V images, while Sentinel was able to distinguish the
land covers to some degree. Such differences indicate that certain regions of the city with
heterogeneous covers, such as buildings with open spaces, grassland, and trees can benefit more
from high-resolution Sentinel images. Small and Lu (2006) also argued that urban mapping using
Landsat TM/ETM+ data is challenging as urban areas comprise a mixture of manmade and
vegetative land cover while only few pixels are pure urban.

Figure 2-6: 2015 Impervious surface mapping results from a. This study b. Atlas of Urban
Expansion c. Copernicus Global Land Service. Purple is built-up cover while grey is non built-up
cover.
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Table 2-6: Comparison of impervious area computation with Angel et al. (2016) and Copernicus
Global Land Service.

2015 (CGLS) 2015 (Angel et al. (2012)) (km ) 2015 (fused image)
(km )
(km )
2

2

2

395.6 (+1%)

425 (+8.7%)

391.5

2.4.4 Result from Quantification and Spatial Pattern Analysis
In addition to improved classified map accuracy from fused data, it was also determined
that the optical images overestimated the impervious area. Table 2-7 shows that the area of the
city was 12.5% overestimated by the optical data. Therefore, further discussions are made using
results obtained from fused images only.

Table 2-7: Lahore’s impervious surface area in 2021 from different datasets.

Optical 488.9 Km

2

Fused

2

434.6 Km
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The built up and non-built up cover of Lahore in 2015 and 2021 are given in Table 2-8.
The results from Table 2-8 depict a clear urban expansion of Lahore in the past five years. In
2015, the city’s impervious cover was 391.5 km , and other land classes combined were 1014.62
2

km . Impervious surfaces occupied 27.8% of the total study area. From Table 2-9, within five
2

years, the city experienced a 43.1 km increase in its impervious cover, increasing the share to
2

31%. The annual rate of expansion was found to be 2.14% from 2015 to 2021.

Table 2-8: Lahore’s impervious surface area from different datasets in 2015 and 2021.
2015

2021

Annual urban
expansion

Built up

Non Built
up

Cover Built up

Non Built
up

391.5
Km

1014.62
Km

27.8% 434.6
Km

971.52 Km

2

2

Cover
2

31%

2.14%

2

Table 2-9: Analysis of impervious surface area expansion based on the total area of built-up
surface from the classified maps.

Study period

Change (km )

Annual change (%)

2015-2021

43.1 km

2.14

2

2
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In Figure 2-7, the impervious surface of Lahore in 2021 is denoted as red, and in 2015 is
denoted as purple for visual distinction. As depicted, the expansion took place on the edges of
the settlement, as well as infilling in various places; however, edge expansion is dominant.
Significant changes occurred in the southeastern and eastern directions. The five regions of
interest (ROIs) delineated are referred to HRI for further analysis. Figure 2-8 illustrates the ROIs
in 2015 and 2021 in the left and right columns, respectively. It is clear that the built-up surface
area has surged either by extending from the established settlement, as in Figure 2-8 (d and e); by
densifying the settlement, as in Figure 2-8(a and b); or by filling up the completely barren
surface by new housing complexes, as in Figure 2-8(c).
The region in Figure 2-8(a) is Paragon City. To accommodate Lahore's rising population,
splendid but affordable housing is demanded. Therefore, the Paragon Company started
development of the Paragon Housing Scheme Lahore in the region. The region has easy access to
several important city road networks, such as Barki Road, Ring Road, Jallo Road, Shabbir Sharif
Road, and Zarrar Shaheed Road (Paragon City Lahore, 2020). The region in Figure 2-8(b) is
DHA phase 6. Housing societies, such as the Defense Housing Authority (DHA), have been
expanding their projects in stages around Lahore. They are also expanding phase 9, while other
phases ranging from 8 to 12 are under development. Likewise, the north of Qazi town in Figure
2-8(e), which was open agricultural land in late 2015, had been urbanized in the scene of 2021.
This part of Lahore is known for its residential area, which is away from the hustle of the city,
while Lahore Garden in Figure 2-8(d) is known for its prime location. The housing scheme is
located near the interchange of the Lahore-Islamabad Motorway, giving residents easy
commuting to and from the rest of the city. The housing scheme is planning to add educational
institutes and health care facilities that support the area’s future growth (Lahore Garden Housing
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Scheme, n.d). The expansion of residential and commercial places is accompanied by parking
lots, pavements, roadways, and other built-up surfaces in those regions.
The method used in this research for change detection is known as a post classification
comparison technique (Alphan et al., 2009; Mas, 1998; Singh, 1989), which is considered a
straightforward and intuitive change detection technique. According to Stow et al. (1980), the
change maps are generally as accurate as the products of individual map accuracies, which
makes the results from Figure 2-8, 87% accurate (Refer to Table 2-5 for map accuracies from
2015 and 2021). Wu et al. (2016) and Dewan and Yamaguchi (2008) used post-classification
method to detect and monitor land use/ land cover change in Guangzhou city and Dhaka
Metropolitan, respectively.
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Figure 2-7: Spatio-temporal impervious surface expansion map of the study area (2015-2021).
(Based on the administrative boundary used in Angel et al. (2016)). a) Paragon City b) DHA
Phase 6 c) Askari Apartments d) Lahore Garden e) Qazi Town.

The IS in the city is increasing at the cost of declines in other natural surfaces, such as
forests, barren land, grassland, and cropland (Wu et al., 2016). Because of this the benefits of
green surroundings in urban areas are replaced by significant warming effects. Lahore’s land
surface temperature increased by 1.98 C within the last 25 years (Nasar-u-Minallah, 2018). They
o

recorded the highest temperature in built up surfaces followed by barren fields. The warming
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effects have been followed by devastating flooding events. A study by Zia and Shirazi (2019)
concluded that every town of Lahore except Wahga was affected by urban flooding with
increasing trends in the 2012-2017 monsoons. The stormwater drainage systems are encroached
by expanding urban surfaces emphasizing the policies to minimize the impact (Haider, 2018).
Besides, degrading surface water quality is another challenge. Shafi et al. (2018)
conducted a study on the water quality of the Ravi River due to untreated urban effluents. Eleven
locations where collected samples, acted as drain points for several cities lying on the banks of
the River, including Lahore. They detected some lethal heavy metals, namely cadmium,
magnesium, zinc, nickel, and lead at all sites. Since storm water makes up significant urban
effluent, Shafi et al. (2018) concluded that urbanization is one principal cause of pollutant loads
in the river, which is supported by past studies, such as Mirza et al. (2012) and Shakir et al.
(2013). In another study, Iqbal et al. (2018) revealed that the municipality of Lahore contributed
the most pollutant load to the Ravi River from their water quality model. The city managed the
highest pollutant share as the river passed through its center (Iqbal et al., 2018). This clearly
indicates the impacts of expanding IS in Lahore.
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Figure 2-8: Areas identified as impervious surface expansion in Lahore from 2015 (left column)
to 2021(right column) with visual inspection of overlaid maps.
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There are also activities targeted to lessen the impact of IS growth in the city. For
instance, the Lahore Development Authority (LDA) allows flexible measures to expand the city
vertically to prevent the loss of fertile agricultural land to urbanization. This has given a pathway
to promote high rise residential buildings to meet the housing needs of the city's growing
population. According to Khalid (2016), Lahore stood third in Pakistan with high-rise buildings,
after Karachi and Islamabad, which support both commercial and residential purposes. Although
the city’s annual population growth has been 3.58% since 2015 (UN World Urbanization
Prospects), emphasis on vertical development explains the 2.14% annual expansion of
impervious surfaces in Lahore. With laws set by the LDA, more high-rise buildings in Lahore’s
residential areas are expected in the future.

2.4.5 Statistical Significance of RF Models

From McNemar test, it was found that the result from models trained with fused and
optical data were statistically significant. From Table 2-10 the chi-square value is 22.7 which is
greater than the threshold of 3.84 to reject the null hypothesis at 95% confidence interval. Since
the number of correctly classified built-up pixels were greater in the RF model trained with fused
data, the test result also reveals the superior performance of the fused data in comparison to
optical alone data.

Table 2-10: Result of McNemar test.
City
Lahore

ꭓ2-value
22.7
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2.5 Conclusion
This research examined the pixel-level fusion of high spatial resolution data from
Sentinel-1 and Sentinel-2 of Lahore to map the IS using RF classifiers. The value added by the
radar images in land cover classification was analyzed, and the rate of impervious surface
expansion in the city in the last five years was computed. It was found that fused data improved
the accuracy of the land cover maps by up to 5% in terms of OA and kappa coefficients, when
compared to validation points from the very high-resolution images. Overall, among 10,000
samples more than 90% were correctly predicted. The method developed in this study is cost,
time, and labor effective. Optical data alone also produced similar accuracy, but the
improvement added by the radar data can be valuable during extreme weather events. From the
confusion matrix, it was clear that a greater number of built-up pixels were correctly identified
by fused data. As in optical data, barren surfaces created spectral confusion, and the built-up
surface was overestimated. The backscattering values from sigma db bands and variance texture
measure provided additional distinct features to the classifier to improve the discrimination of
built-up surfaces from barren surfaces. In the past five years, there has been a 43km increase in
2

Lahore’s impervious surfaces, from 391.5 km2 in 2015. The share of impervious areas increased
from 27.8% to 31% in five years. The annual expansion rate was found to be 2.14%, and the
expansion took place mainly on the city’s edges. The major development was seen in the eastern
and southeastern directions. Some causes are development of apartment complexes and housing
space by DHA, as well as the construction of highways and ring roads.
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Chapter 3. Mapping the Impervious Surfaces of Growing Cities of Punjab Using Fusion of
Sentinel-1 and Sentinel-2 Data

Abstract

The impervious nature of built-up surfaces impacts the environment in many ways, such
as flash floods with short and intense storm events, the degradation of receiving streams, and the
formation of urban heat islands. Fifty out of 198 cities in the most populous province of Pakistan
have shown some growth in the past two decades, with some cities having more than doubled.
To prevent the above-mentioned calamities, proper information about impervious surfaces is
essential, with both spatial and temporal expansion trends being vital. However, it is challenging
to develop a cost and labor effective technique that is compatible with the assessment of multiple
geographical locations in developing countries, such as Pakistan. Several studies have identified
the potential of remote sensing data and successfully quantified impervious surface areas at
district and provincial levels. Remote sensors can capture various land cover properties through
unique principles, and such traits can be utilized to extract impervious surface covers. Fusing
information from multiple data sources has also been studied to enhance the results. Therefore,
this study utilized fused datasets from Sentinel 1 and 2 Satellites to map the impervious surfaces
of nine cities (Rawalpindi-Islamabad, Multan, Faisalabad, Gujranwala, Bahawalpur, Sahiwal,
Sheikhupura and Khanewal) in Punjab, and estimated their growth rates over the past four years.
The training and validation samples of four land cover classes – built up, barren, vegetation, and
water – were obtained from Google Earth’s high-resolution images. Random Forest classification
algorithms were utilized to produce impervious surface maps. The resultant quantities from the
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maps were compared to global land cover datasets produced by Copernicus Global Land
Services. The information obtained can alert urban planners and environmentalists to assess
impervious surfaces impacts in the cities. It is important to develop effective techniques to
update information on impervious surfaces’ present and future trends in a growing city.

3.1 Introduction

3.1.2 Background

By 2050, the world's urban population is expected to nearly double from 3.5 billion in
2010 (UN 2008). With 70% of people residing in urban areas, Angel et al. (2012) and Berry
(2008) suggest that most of the growth will take place in developing countries. With surges in
urban dwellers, with expected declining urban densities, cities in developing countries may
expand up to three times their sizes. Berry (2008) also emphasizes that city size and urban
densities influence the climatic and hydrologic consequences of modern metropolises. However,
human capital accumulated by urbanization brings potential economic benefits resulting from
higher productivity (Bertinelli & Black, 2004; Bairoch 1988), rendering its inevitability. Angel et
al. (2012) aims to present a pragmatic view of the near future’s expected global urban expansion
to residents, policymakers, and researchers for efficient, equitable, and sustainable city
development. Therefore, it is essential to study urbanization trends in developing countries, such
as Pakistan, to understand their importance. Kotkin and Cox (2013) give attention on Pakistan’s
annual urbanization rate (3%), which is the highest in South Asia. Being the 36th largest in area,
it is the sixth most populous country (Pakistan Bureau of Statistics, 2017).
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The urbanization brings forth environmental alterations, such as the replacement of
natural landscape with built up surfaces for accommodation (Imbe et al., 1997, Nascimento et al.,
1999, Wickham et al., 2002, Jones et al., 2000). Thus, the terms urbanization and impervious
surfaces are interchangeable. In a thorough review, Weng (2012) argues the importance of
impervious surface knowledge as an indicator of urbanization degree (Gao et al., 2012), as well
as environmental quality (Arnold & Gibbons, 1996). The consequences of the surge in
impervious cover include increases in the volume, duration, and intensity of runoff (Weng,
2001); decreases of groundwater recharge (Brun & Band, 2000); and the degradation of
receiving water sources, as they directly impact the flow of non-point source pollutants (Hurd &
Civco, 2004); which also affects the hydrologic cycle (Brabec et al., 2002; McDonald et al.,
2014). Thus, information on impervious surfaces are valuable assets for urban planning and
environmental management.

Both remotely sensed data and field measurements are used to quantify impervious
surfaces. Ground truth, though reliable, is expensive and time consuming, especially for
developing countries. Slonecker et al. (2001) highlights the popularity of satellite datasets in
environmental studies with impervious surface applications from the 1970s to 1980s, with aerial
photographs being their main source. Weng et al. (2012) mentions four methods of impervious
surface mapping (ISM) from Brabec et al. (2002), aerial photography and planimeter, aerial
photography and intersection counting, image classification, and estimation, as a proportion of
urbanization in a region. However, in a review, Weng (2012) argues that scarce suitable remote
sensors produced limited research on ISM in the 1900's, whereas the number increased in the
turn of the 21st century. The causes are both the emergence of high-resolution imageries and
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advanced processing techniques. Land use land cover classification has advanced rapidly with
remote sensing data (Townshend et al., 1991; Loveland et al., 2000; Friedl et al., 2002; Mayaux
et al., 2000; Bicheron et al., 2008; Hansen et al., 2013).

As a contribution to the Global Earth Observation System of Systems (GEOSS), the
European Space Agency (ESA) developed the Copernicus Mission, with a set of satellite families
called Sentinel. S-1A and S-2A were launched on April 3, 2014 and June 23, 2015, respectively,
followed by their twins (1B and 2B) on April 25, 2015 and March 7, 2017, respectively. S-2 can
compliment a long-standing family of Landsat satellites (since 1972), and S-1 aids in the
continuation of ERS-1, ERS-2, Envisat, and Radarsat (Davidson et al., 2010). Mapping of land
surfaces is one of the applications targeted for the sentinel family (Attema et al., 2008). The high
spatial, temporal and spectral resolution of Sentinel with a free and public data access policy
defined by the European Commission (Commission Delegated Regulation) makes the dataset
more prospective for studying the additive value of data fusion. Both satellite-based radar and
optical data were constrained by low spatial and temporal coverage of medium resolution data in
the past, which can be overcome with acquisitions from S-1 and S-2 satellites (Joshi et al.,
2016).

Despite advances in space-borne sensors, limitations such as data not linking uniquely to
land cover and ambiguity with land uses persists. Therefore Joshi et al. (2016) performed a
methodical review of 112 studies to identify a viable solution. While all of the studies fused
optical and radar data, the majority addressed land cover. In overall, 28 of the studies supported
improved results of fusion relative to single data source. They identified data fusion as a
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promising tool due to its ability to combine information on land properties from sensors
operating with fundamentally different physical principles (Joshi et al., 2016). For example, the
spectral reflectance and various indices (e.g., Normalized Difference Built up Index (NDBI)) of
built up surfaces from several bands of an optical sensor depend on the material. Similarly,
microwave energy scattered by those surfaces from a radar sensor depends on orientation and
dielectric properties. Image fusion techniques can be distinguished into three categories based on
their integration level: pixel level, feature level, and decision level. The first category comprises
geocoding and co-registration to stack images’ pixels (Pohl and Van Genderen 1998), while the
second refers to each dataset’s feature extraction (Stefanski et al., 2014; Brisco and Brown,
1995; Chust et al., 2004; Huang et al., 2007).

Conventional parametric statistical techniques, common with remote sensing, are not
appropriate for classification (Richards and Jia, 1999). Thus, more general ensemble classifiers
are gaining attention. They are known to have improved classification accuracy significantly
(Gislason et al., 2006). Lighter computation and insensitivity to noise or overtraining with
features to estimate the importance of each feature, are some of RF’s attractive characteristics.
Even with limited training data, Ham et al. (2005) obtained good experimental results with RF
application to classify hyperspectral data (as cited in Gislason et al., 2006).

This study used pixel-based fusion of S-1 and S-2 datasets for ISM with the RF land
cover classification method. Each city’s impervious surface area and growth information can be
used to update Punjab’s impervious surfaces inventory. Faisalabad, Gujranwala, Sialkot,
Sheikhupura, and Rawalpindi are identified to have high urban growth (Mukhtar et. al., 2018).
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These cities cover the different sizes, climatic conditions, locations, and geography within the
province. The results of ISM in 2016 and 2020 were used to compute the growth rate of each
city.

3.1.3 Literature Review

Studies in the past have used integrated optical and radar datasets and different levels of
fusion for urban land-cover classification (Amarsaikhan et al., 2007), multilevel image
classification of an agricultural area (Waske and Linden, 2008), regional land-cover
classification of a tropical environment to detect cropping systems (Erasmi and Twele, 2009),
agricultural land use mapping in Western Ukraine (Stefanski et al., 2014), land use land cover
mapping in an agricultural region of Amazon (Pereira et al., 2013) and grassland and crop
discrimination (Dusseux et al., 2014). Additionally, Lin et al. (2020) used feature-level fusion of
radar and optical images to map impervious surfaces at large scale in China. They concluded that
SAR improved the overall accuracy and delineation of impervious surfaces from bare land with
its physical backscattering characteristics (Nghiem et al., 2009). Studies adhere to promising
results of combining multiple datasets for ISM to improve limitation of single dataset (Lin et al.,
2020; Zhang et al., 2014). Fusing Landsat and nighttime light (NTL) data via index-based
method (Liu et al., 2015; Liu et al., 2018), via machine learning (Goldblatt et al., 2018), via
masking (Gong et al., 2019) are some other examples. Sun et al., 2019 has used Sentinel-1 and
Sentinel-2 datasets at national scale for ISM. There is an instance of 15% improvement in
accuracy of ISM in arid regions (Gong et al., 2020). SAR has its limitations of shadow and
topography effect similar to spectral mixing in MSI sensors. The main purpose of fusion is to
enhance the interpretability of the image (Welch and Ehlers 1987).
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While there are studies available for ISM of national, regional and provincial levels, city
scale is still scarce. A smaller spatial scale demands more attention to details as a city is full of
dynamic land cover classes as there is a higher chance of mixed classes in a pixel. For
comprehensive summary of impervious cover worldwide the following land cover dataset exists:
MODIS Land Cover type product (annual 500m resolution), GlobCover (GLC) 2009 (300m
resolution, Jan 1, 2009- Jan 1, 2010), the China impervious fraction map (500m resolution, 2000,
2005, 2010) (Gamba and Herold, 2009; Weng et al., 2018), Copernicus Global Land Service
(100m resolution, annual from 2015-2019) (Copernicus Service Information). Such coarse
temporal and spatial resolution render them inadequate for in depth analysis (Lin et al., 2020).
Potere et al. (2009) identified the difference in estimation of built-up environment ranging from
276,000 km2 to 3.532 million km2 in other global datasets, Vector map level 0 (VMAP0) and
Global Rural-Urban Mapping project (GRUMP) respectively (Angel et al., 2012).

3.2 Study Area and Data

3.2.1 Study Area

The study area consists of nine growing cities of the Punjab province given in Figure 3-1.
There was a total of 194 cities in the Province as of 2015. With an overview of all those cities,
the Urban Unit conducts a thorough study of 50 of them. These cities represent the dynamics of
the province in terms of “urban extent, area, expansion, urban population, population growth,
land consumption, densities and economic regions” (Punjab Cities Growth Atlas (2015), section
3). Nine cities were chosen for this study based on varying urban extent and c, which represent
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the overall spatial cover of the province for this study. Since Rawalpindi-Islamabad are
connected at their physical boundaries, they are considered as a single entity during the
assessment. They make up the 21st largest city in the group. The studied cities lie from the
northernmost region of the province down to the south. Multan and Bahawalpur lie on the left
bank of the Chenab and Sutlej Rivers, respectively. Both cities, as well as Khanewal, are in the
southern part of the Province, which has an arid climate. Cities in the middle reach, such as
Sahiwal, Faisalabad, Gujranwala, and Sheikhupura, have semi-arid climates. RawalpindiIslamabad has a humid subtropical climate. They lie on the banks of the Haro River in the
northern part of Punjab. Rawalpindi-Islamabad, Multan, Faisalabad, Gujranwala, and
Bahawalpur rank 2nd, 3rd, 4th, 5th, and 6 , respectively, among the 50 cities in terms of area,
th

while Sahiwal is the 11th, Sheikhupura is the 13 , and Khanewal is the 21st largest city on the
th

list.
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Figure 3-1: Location map of the study areas. True color composite images from Sentinel 2. (left
to right in upper row: Rawalpindi-Islamabad, Multan, Faisalabad, and Gujranwala, left to right
in lower row: Bahawalpur, Sahiwal, Sheikhupura, and Khanewal).
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3.2.2 Dataset

This section describes the datasets used for this research. The details of sources and the
purposes of the datasets used are given in Table 3-1. The coordinates of the cities used to define
the image extents during preprocessing are listed in Table 3-2. The acquisition dates of radar and
optical images of the nine cities for 2016 and 2020, respectively, are listed in Table 3-3.
3.2.2.1 SAR Data

Two S-1 images of each city were obtained from the Copernicus Open Access Hub. They
were acquired for February or March 2016 and 2020. S-1 carries a C-band (5.405 GHz) imaging
radar called synthetic aperture radar (C-SAR), which is an active sensor. For land monitoring,
ground range detected (GRD) products obtained in interferometric wide (IW) swath mode with
240km swath are recommended by the ESA S-1 observation strategy. This mode supports dualpolarization modes (VV and VH) bands. However, for 2016 images, VV mode was present. The
spatial resolution is 10m, temporal resolution is six days, and swath width is 400 km. All the S-1
can be freely accessed according to the free data policy of ESA. The raw S-1 images were in jp2
format. These images were combined with S-2 images to classify the land cover map of each
city.
3.2.2.2 MSI Data

Two S-2 images of each city were also obtained from the same portal as the radar images.
The S-2 data were acquired close to that of the S-1 data with maximum gap being 20 days. S-2
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carries multi-spectral instrument (MSI) sensors that acquire optical imagery in 13 bands. There
are three visible, four red edge, and three infrared, with one each of aerosol, vapor, and cirrus
bands in the list. All the visible and near infrared bands are 10m resolution, while red edge and
short wave infrared are 20m resolution, and the others are 60m resolution as given in Table 3-4.
The temporal resolution is five days, and the swath width is 290km. S-2 images from 2020
consist of projected and processed to BOA (bottom of atmospheric) level-2 products, so there
was no need to convert them into reflectance value as well. However, for images from 2016,
only TOA (top of atmospheric) level-1 products were accessible, requiring further processing. S2 images are also freely available from ESA. S-2 images alone were also used to classify the land
cover maps of the city.
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Table 3-1: Datasets used in the study with specifications.
Data

Purpose

S-1A

Source

Spatial
resolution

Temporal
resolution

Sensor

Classification and Copernicus
fusion
open access
hub

10m

6 days

SAR

S-2A

Classification
and fusion

10m, 20m,
60m

5 days

MSI

DEM

Terrain correction USGS

1 arc-sec

-

SRTM

High
resolution
imagery

Pixel based
validation &
Comparative
analysis

Google
Earth Pro

15m –
15cm

-

Combination of
satellite images,
aerial photos and
GIS data

Global
land cover
maps

Quantitative
validation

Copernicus
100 m
Land Service

1 year

Proba-V

Copernicus
open access
hub

Table 3-2: Coordinates of cities used to define the extent.
SH

FA

RI

KH

MT

SHK

GN

BH

o

N 30.727 31.585 33.797 30.342 30.32 31.76 32.285 29.45

o

E 73.176 73.327 73.383 71.986 71.66 74.09 74.275 71.78
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Table 3-3: Acquisition dates of radar and optical images from 2016 and 2020 for various cities.
2016

2020

City

Sentinel 1

Sentinel 2

Sentinel 1

Sentinel 2

Sahiwal

February 21

February 01 February 12 February 10

Faisalabad

February 05

February 01 February 08 March 01

Rawalpindi-Islamabad

February 16

February 01 February 01 January 25

Khanewal

February 21

February 01 February 12 February 10

Multan

February 21

February 01 February 01 February 10

Sheikhupura

March 31

March 29

February 08 February 07

Gujranwala

March 31

March 29

February 20 February 07

Bahawalpur

February 21

February 01 February 02 February 04

3.2.2.3 DEM Data

The latest DEM data available for the cities were downloaded from USGS Earth Explorer
browser. They were 1 arc-sec Shuttle Radar Topography Mission (SRTM) models and were later
used for geometrical correction of the S-1 images. The spatial resolution is 30m. For some cities,
two or more DEM data needed to be merged to cover the whole extent.
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Table 3-4: Spectral bands of Sentinel-2A sensors and their spatial resolution.
Band names (S-2A)
B1-Coastal Aerosol
B2-Blue
B3-Green
B4-Red
B5-Red Edge
B6-Red Edge
B7-Red Edge
B8-NIR
B8A-Narrow NIR
B9-Water Vapor
B10-SWIR Cirrus
B11-SWIR
B12-SWIR

Central Wavelength
(μm)
0.443
0.492
0.559
0.664
0.704
0.74
0.782
0.832
0.864
0.945
1.373
1.613
2.219

Spatial
Resolution (m)
60
10
10
10
20
20
20
10
20
60
60
20
20

3.2.2.4 Google Earth’s High-Resolution Images

The training and validation samples for land cover classification of optical and radar
images were obtained from Google Earth. It allowed us to acquire the samples for 2016 and 2020
independently. Since the land cover goes through a dynamic process, it was important to extract
samples from the nearest time the remote sensing images were obtained. The training and
validation samples were not overlapped for the robust accuracy analysis of land cover maps
later.
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3.2.2.5 Global Land Cover Maps

The Copernicus Global Land Service produced 100m resolution annual global land cover
maps from 2015-2019. They utilized images from Proba-V sensors. They were trained and
validated using 168K and 28K points, respectively, from Geo-WIKI’s crowdsourcing. The
overall accuracy of their map for 2015 was 80.6%. These datasets were used to compare and
correlate the quantity of each city’s impervious surface cover, obtained from the land cover
maps. Total number of training and validation samples extracted for each city are listed in Table
3-5.

Table 3-5: Total number of training and validation samples for land cover map classification and
accuracy assessment.
City

RI

MT

FA

GN

BH

SH

Training

22,000 43,000 17,000 38,000 21,000 15,000 15,000 10,000

Validation 20,000 27,000 15,000 21,000 15,000 9,000

SHK

KH

11,000 8,000

3.3 Methodology

This section details the algorithms and processing used to combine the S-1 and S-2
images. It also covers the steps to map the impervious surfaces and quantify the growth rates of
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the nine Punjab province cities for 2016 and 2020. There are five subsections of the method:
image preprocessing, land cover classification, map validation, impervious surfaces
quantification, and correlation analysis. Figure 3-2 shows a detailed flowchart of the research
methodology and Figure 3-3 shows the steps for IS area quantification.

3.3.1 Image Preprocessing

The following section describes the preprocessing steps for radar and optical data,
respectively. This study utilized the Sentinel Application Platform (SNAP) and ArcGIS pro for
the process. Firstly, the coordinates given in Table 3-2 were used to subset the S-1 images for
each city. The orbit files were then updated for accurate information on the position and velocity
of the satellite. Then a calibration algorithm was applied to convert the raw digital number of
each pixel to radiometrically calibrated SAR backscatter values called sigma naught. This was
followed by the application of a range Doppler terrain correction algorithm to correct the
distortion in the image due to the side looking geometry of the satellites. Finally, a logarithmic
transformation of sigma naught values converted them to sigma dB values for end band
composition (Fillipino, 2019).
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Figure 3-2: Methodology flowchart.

Figure 3-3: Quantification of expansion
of the cities.
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For additional information from the radar images, grey level co-occurrence matrices
(GLCM) were used to compute texture measures. According to Haralick (1979) and Jenicka and
Suruliandi (2014), such measures capture the spatial relationships of pixels by identifying the
pattern based on the neighborhood size provided. The resultant matrices store the occurrence
frequency of pixel pairs with specific grey level (G) or pixel brightness values (Haralick,
1979). Such measures are common in image classification (Abdel-Hamid et al., 2018).
However, the texture measures must not be auto-correlated with each other according to HallBeyer (2017). Therefore, only contrast and variance were chosen to like in a study conducted by
Clerici et al. (2017). For a neighborhood, a 5x5 moving widow was chosen, and single pixel
displacement was used (Clerici et al., 2017; Numbisi et al., 2018). For a consistent classification
result, VH polarization was eliminated from the 2020 images during the image sub-setting
process. Then there were two additional bands in the form of texture measures in each radar
image. Finally, all the SAR images were reprojected to UTM zone 42/43 to align with the extent
and coordinate reference system (CRS) of their MSI pairs.

To convert the level 1C TOA products from 2016, sen2cor algorithms were applied in
SNAP. They use the reflective properties of scene and cloud screening to create accurate
atmospheric and surface parameters in the level 1 images. The corrections included cirrus
correction, scene classification, aerosol optical thickness retrieval, and water vapor retrieval. The
corrected image disregards band B10, as it only stores information on cirrus clouds (Main-Knorn
et al., 2017). A bilinear interpolation-based technique was used to resample all of the optical
image bands to 10m spatial resolution, in bands 5,6,7, and 8a, like bands 2,3,4 and 8 and radar
images. The same city coordinates from Table 3-2 were used for optical image sub setting.
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Bands B1 and B9 were eliminated because of their coarse spatial resolutions (60m) and aerosol
and cloud sensitivity (ESA, 2015). There were ten bands in the final product.

3.3.2 Land Cover Classification
After obtaining the processed images, the bands were stacked, and land cover maps were
classified in R. Prior to this, a band index was developed using Equation (1) to highlight the
built-up surfaces called normalized built up index (NDBI).

(𝑁𝐷𝐵𝐼) =

(
(

) (
) (

)

(1)

)

Where B11 is shortwave infrared band (SWIR) and B8 is near infrared band (NIR). Builtup surfaces have higher reflectance in band B11 according to Kuc and Chormański (2019). Each
image was loaded in R as a raster file with bands as individual layers. Then using the “stack”
command in R, ten bands and an index from the optical image were put together with a VVpolarization band and two texture measures from the radar image. This resulted in 14 bands, or
layers, in a final raster stack image. The resolution was preserved to 10m in the final product.
Such layer stacking is a form of pixel-based fusion technique for multisensory images. The
following 14 layers were contained in the stacked image: Sentinel-1A VV amplitude image (1);
Sentinel-1A VV variance texture image (1); Sentinel-1A VV contrast texture image (1);
Sentinel-2A BOA reflectance bands 2 to 8a and 11 to 12 (10); and Sentinel-2A NDBI image (1).

Four land cover, the vegetation, barren, water and built up were defined for each city for
classification. These were the dominant land covers in the cities. Built up cover included parking
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lots, road networks, buildings, and pavements, while vegetation included all tree cover,
agricultural fields, fallow lands, and grasslands. Again, aligning with the Nyquist theorem,
building cluster, parking lots and roadways larger than 20m x 20m area were delineated as
training polygons. Each polygon represented more than four pixels for reliable representation of
the land covers. Optical images alone, as well as stacked images, were used to classify each city
using the RF algorithm in R v.4.0.2.

RF uses bagging to create an ensemble of classification and regression tree (CART). It
uses a random subset of variables each time to split at tree nodes to keep their inter-correlation
minimal. They output the mode of class identified by each classifier tree (Ho, 1995, Ho, 1998).
Like a supervised classification approach, the RF model is trained with the land covers of interest
across the remote sensing image scene (Huang et al., 2018; Pham-Duc et al., 2017; Skakun,
2012).

Four RF models were prepared. The task included feeding land cover samples to train
and test the model, defining RF parameters, and classifying the whole image. RF algorithms
were developed by Breiman (2001) and were implemented on the number of trees (ntree) and
number of features in each split (mtry). The features are the 11 optical image bands and 14
stacked image bands. Generally, the square root of the total features present is used as the value
of mtry, i.e., 4 in our case. A study conducted by Thannoi and Kappas (2018) concluded that 500
is the optimum number of trees required for an RF classifier; thus 500 trees were used in this
study. The land cover was assigned to each pixel based on the nearness of band values in the
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training set. Then each of 500 trees decide a particular cover for the pixel, and the most voted
cover is the result.

3.3.3 Correlation Analysis
The resultant land cover maps were then reclassified to built-up and non-built-up
surfaces, including vegetation, barren, and water cover, to emphasize the impervious surfaces of
the cities. Then the resultant IS areas of each city from the fused data were correlated with the
area of built-up surface in the global land cover maps for 2016 to assess their closeness. A graph
was then plotted to compute the R-squared value between the areas.

3.3.4 Test of Statistical Significance of Two Models
Two RF models were trained for each study year for each city. Like Chapter 2, McNemar
test was used to test statistical significance in extraction of built-up class for impervious surface
mapping of the cities. Again, the Chi-square values were computed for each city according to
Foody (2004) as given in Equation 3.

𝜒 =

(

,

)

,
,

(2)

,

Where nf,o are number of samples correctly classified by RF model trained with fused
data but incorrectly classified by RF model trained with optical alone data. Then the Chi-square
value was checked for a threshold of 3.84 (Mallinis et al., 2014, Abdel-Rahman et al., 2014,
Omer et al., 2015 and Li et al., 2017).
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3.3.5 Impervious Surface Area and Expansion Rate Computation
Then pixel level area computation was performed to quantify the IS areas in each city
using the fused data. The number of pixels identified as built-up class in the maps were
multiplied by the spatial resolution of the images, i.e., 10 m, and converted into square km.
Finally, the rate of urban expansion was computed for the past four years using Equation (3). The
binary maps from 2015 were then overlaid on the maps from 2020 for further spatial analysis.
𝑅=

(

)

(

)

(3)

−1

Where, R is the annual growth rate, n is the temporal gap, and I(2016) and I(2020) are the
impervious surface area in 2015 and 2020 respectively for each city.

3.4 Result and Discussion
In this section results from the current study are explained followed by underlying
discussion. The processed S-2 and combined S-1 and S-2 data were used to prepare land cover
maps of each city with four classes: barren, vegetation, built-up, and water. Therefore, this
section begins with RF models’ statistics and validation results of land cover maps followed by
spectrum plot analysis. Then the following paragraph describes the value added by the S-1 bands
when fused with S-2 bands, making the cases of Rawalpindi and Bahawalpur. After establishing
a premise for fused data results, the cities’ IS areas and expansion rates are presented. Finally, a
correlation plot between the results from current study and Global Land Cover Maps are
discussed.
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3.4.1 RF Model Statistics and Land Cover Map Validation
Each of the four RF models trained for each city showed more than 95% overall accuracy
(OA) and a kappa coefficient rate with the test datasets. This result is produced by the RF model
based on test set prediction after adapting to the training sets. A confusion matrix was produced
each time to compute the OA and kappa coefficients. The results support the claim that RF
classifiers are known for their classification accuracy in the RS community (Belgiu & Drăguţ,
2016).
After the RF models predicted each city’s whole image, the resultant land cover map was
assessed with unique validation polygons. Validation samples were acquired for each land cover
class. Automatic extraction or classification techniques need to be evaluated to develop
confidence in the maps. Table 3-6 presents the accuracy assessment results for both optical and
fused data. The accuracy evaluations were performed by computing the OA and kappa
coefficients from the CM. OA is the ratio of the sum of diagonal elements and total elements in
the CM. The kappa coefficient is the ratio of correctly predicted elements and total elements,
considering the misclassified elements as well, from the CM. According to McHugh (2012) a
kappa coefficient gives a more robust accuracy assessment, as it considers both predicted
classification and referenced classification data. A kappa value ranging from 0.8 to 1 is
considered a highly accurate match with the reference values (van Vliet et al., 2011). It is
apparent from the results in Table 3-6, that in all cities either in one or both time periods, the OA
and kappa coefficients of the classified maps from fused datasets show improvement. There is a
2 to 9% increase in OA and a 3 to 12 % increase in kappa coefficient. Such instances emphasize
the potentiality of S-1 data to add values to the cities’ impervious surfaces mapping.
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Table 3-6: Accuracy assessment of classified maps from optical and fused dataset.

2016

2020

Optical

Fusion

Optical

Fusion

OA
(%)

Kappa

OA
(%)

Kappa

OA
(%)

Kappa

OA
(%)

Kappa

RawalpindiIslamabad

88

0.84

90

0.85

79

0.71

88

0.83

Multan

93.8

0.9

95.8

0.94

95.5

0.92

97

0.94

Faisalabad

94.1

0.9

98.6

0.97

93.7

0.89

95

0.91

Gujranwala

95.2

0.93

96.6

0.95

95.9

0.91

97.5

0.94

Bahawalpur

95.8

0.92

96.5

0.94

94.4

0.92

97

0.96

Sahiwal

94.2

0.88

97.1

0.94

97.2

0.95

97.5

0.96

Sheikhupura

95.9

0.93

97.1

0.95

95

0.9

95.3

0.91

Khanewal

95.5

0.92

96.6

0.94

85.9

0.75

88.1

0.8

3.4.2 Correlation Analysis
Table 3-7 lists the IS areas of the cities in 2016 from fused and global datasets. For
further assessment of land cover maps, quantitative validation with CLS was performed. In
Figure 3-4, the IS area from CLS is given on the y-axis, and the result from the current study is
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plotted on the x-axis. The minimum impervious area estimated was 14.8 km 2 in the smallest city
Khanewal and the maximum estimated impervious area was 324.9 km 2 in the largest city
Rawalpindi-Islamabad.

Table 3-7: 2016 Impervious surface areas of cities from fused and global datasets.
Impervious Surface Area 2016
Fused

CLS

Rawalpindi-Islamabad

324.9 Km

Multan

158 Km

2

167 Km

Faisalabad

135 Km

2

151.32 Km

Gujranwala

117.6 Km

2

138.4 Km

2

Bahawalpur

44.45 Km

2

48.06 Km

2

Sahiwal

36.1 Km

2

35.5 Km

Sheikhupura

30.2 Km

2

30.37 Km

Khanewal

14.6 Km

2

14.8 Km

2

347.8 Km

2

2

2

2

2

2

The correlation of the estimated impervious area by the RF models and the CLS data
showed a strong linear relationship with R-squared value of 0.998. The RMSD calculated
between the estimation and the CLS data was 12.8 km 2 which is 11.8% of the average of the
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estimated areas. From the plots an underestimation of the IS was seen compared to the global
data as the slope of the point data was 1.0789 with an intercept of 0.36 km 2. The average
underestimation was 9.05 km2. The Pearson Correlation test was conducted with 95% confidence
limit. Thus, based on the accuracies of the classified maps, strong linearity to independent
datasets, as well as analysis from the spectrum plots, IS area was quantified and urban expansion
rates were computed from fused datasets only.

Figure 3-4: Correlation plot of impervious surface area from Copernicus Global Land Service (yaxis) and this study (x-axis). Slope= 1.0789, intercept = 0.36 km 2, confidence limit = 95%, R2 =
0.998.
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The low resolution (100m) Proba-V images used by the global dataset tended to
overestimate the IS in most of the cities, as the pixels were likely to mix the coexisting
heterogeneous covers. Friedl et al. (2002), Hansen et al. (2000), Loveland et al. (2000), Potere et
al. (2009), and Small et al. (2005) also argue on the inadequacy of coarse spatial resolution in
representing spatial disparity within cities. From the HRI, many city locations were identified
with a mixture of tree cover, grassland, water canal, buildings, and other open spaces. Different
land covers in such proximity require high resolution images for clear discrimination. Thus, in
comparison to global datasets, the results from fused data underestimated the values ranging
from 0.5% to 15%.

3.4.3 Test of Statistical Significance

Although from Table 3-6, the improvement in OA and kappa coefficients were not
significant in many cities, McNemar test results highlight that the classification of built-up pixels
by two different RF models: trained with fused data and trained with optical data are statistically
significant. The Chi square value obtained from the 2 by 2 confusion matrices of RawalpindiIslamabad, Multan, Faisalabad, Gujranwala, Bahawalpur, Sahiwal, Sheikhupura and Khanewal
are given in Table 3-8. The Chi-square values are larger than or equal to 3.84 and p-values are
less than 0.05 for all cities at 95% confidence limit. The result confirms the better performance
of fused dataset over optical alone. Holobâcă et al. (2019) used McNemar test in their study to
test the statistical significance in the difference of classification result from Maximum
Likelihood Classification (MLC) and Iso-Tex Classification. Similar to this study, Holobâcă et
al. (2019) also emphasizes on extraction of built-up cover to map the impervious surfaces. They
have utilized SAR images and derived texture bands (energy, mean and variance) from Sentinel78

1. According to Esch and Roth (2004), heterogenous urban areas have distinct spectral signature
on SAR images. Holobâcă et al. (2019) concluded the potentiality of texture information in
discriminating built-up areas from other land covers such as green areas, bare soil, and water
bodies in urban areas. They found the most significant difference on variance texture band for
VV based on the highest mean percentage difference on spectral signature between urban and
non-urban areas. Significant contribution of variance texture band was also identified in this
study through the spectrum plots.

Table 3-8: Result of McNemar test.
City
RawalpindiIslamabad
Multan
Faisalabad
Gujranwala
Bahawalpur
Sahiwal
Sheikhupura
Khanewal

ꭓ2-value
16.92
25.22
16.83
56.01
9.67
169.75
137.9
73.67

3.4.4 Impervious Surface Area and Cities’ Expansion Rates

Table 3-7 shows the IS areas of all nine cities from the fused data of 2016 and 2020.
From the Table, it is seen that the urbanized surface of Rawalpindi-Islamabad grew from 324.9
km2 in 2016 to 358.1 km2 in 2020. The total growth of the city is 10.2%, with an annual rate of
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2.5%. It has the highest growth rate among the cities considered. It is also the largest in the list in
terms of area as well as population. Since Rawalpindi and Islamabad share the same border, they
are jointly known as a twin city. They have a combined population of more than 30 million as of
the 2017 census. The smallest city in the list, Khanewal, had urbanized surface growth from 14.6
km2 to 14.9 km2 with the lowest expansion rate. Additionally, the cumulative growth of Multan
was 6.3%, Faisalabad was 9.7% Gujranwala was 8.1%, Bahawalpur was 11.8%, Sahiwal was
8.3%, and Sheikhupura was 9.3%. Overall, IS expansion was seen in all nine cities studied.

Figures (3-(5-12)) shows the IS expansion from 2016 to 2020 in the cities. The 2016
binary maps were overlaid on top of 2020 maps to identify growth patterns in the cities. The area
in red is the IS added in the cities in the last four years. From the Figures, expansion took place
mostly on the cities’ outskirts. There are some infill growths as well. Increases in IS within the
areas surrounded by urban surfaces in 2016 are seen in all cities. The north of Multan (Figure 36), east of Sheikhupura (Figure 3-11), and northwest of Sahiwal (Figure 3-10) also had
significant growth. Since the temporal gap between the analysis of urban expansion was just four
years in our study, a thorough review of the growth pattern is challenging. In summary the most
predominant type of urban growths were infill growth and edge expansion. In the former
development of new built-up surface is surrounded by preexisting built up surface (Wilson et al.,
2003). And in the latter newly developed built-up surface spreads out from the edge of an
existing built-up surface (Wilson et al., 2003) also known as edge development (Forman, 1995).
Infill is common to places with preexisting urban services such as water, road, and sewers
according to Wilson et al. (2003).
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Figure 3-5: Expansion of impervious surface area of Rawalpindi-Islamabad from 2016 to 2020.
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Figure 3-6: Expansion of impervious surface area of Multan from 2016 to 2020.

82

Figure 3-7: Expansion of impervious surface area of Faisalabad from 2016 to 2020.
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Figure 3-8: Expansion of impervious surface area of Gujranwala from 2016 to 2020.
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Figure 3-9: Expansion of impervious surface area of Bahawalpur from 2016 to 2020.
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Figure 3-10: Expansion of impervious surface area of Sahiwal from 2016 to 2020.
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Figure 3-11: Expansion of impervious surface area of Sheikhupura from 2016 to 2020.

87

Figure 3-12: Expansion of impervious surface area of Khanewal from 2016 to 2020.

3.4.5 Value Added by Fused Data (S-1 and S-2) over S-2

From the spectral signature plots, valuable information added by the radar bands in the
land cover classification is identified. In the sigma dB backscattering band and the variance
texture derived from radar image, built up cover had the highest value, which could be important
information for the RF classifiers. Such a distinct feature is helpful for the classifier in
differentiating different land covers. This might have improved the overall accuracy and kappa
coefficient of classified maps from the fused dataset. One of the constraints of optical images is
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limited spectral resolution, which causes different building roofs, roads, and parking lots to
appear as different colors. Similarly, high spectral variation within the same land cover type and
low spectral variation between different land cover types may occur in urban areas. Therefore,
Mohapatra et al. (2010), Myint et al. (2011), and Blaschke et al. (2011) do not recommend the
sole reliance on optical bands for land cover classification. This makes the automatic extraction
of impervious surfaces challenging (Lu et al., 2011). Therefore, Shaban, and Dikshit (2001),
Zhang et al. (2003), Puissant et al. (2005), Aguera et al. (2008), and Pacifici et al. (2009) suggest
texture as one of the measures to reduce the impact of spectral variation within the same land
cover (as cited in Lu et al., 2011). With free access S-1 datasets, calculation of texture measures
is possible with low computational cost, unlike in the past.

Figure 3-13 shows land cover maps of Rawalpindi-Islamabad from optical and fused
data, respectively. They are the northernmost cities considered in this study. Unlike all other
cities with flat topography, a part of the Siwalik Range surrounds Rawalpindi and neighboring
Islamabad to the north. The encircled region in Figure 3-13(a) depicts that the map from optical
data misclassified vegetation into water. According to Pimple et al. (2017) and Katagi et al.
(2018), topographic shadows of irregular mountains create a major obstacle in accurate land
cover classification while using optical images. Such shadows are often misclassified as water as
both have very low reflectance (Ji et al., 2015). Therefore, shadow removal techniques were
applied during classification (Pimple et al., 2017; Katagi et al., 2018). Shadows commonly occur
in high resolution optical images in the form of dark features reducing the spectral values of
shaded objects affecting the land cover classification. One of the sources of shadow in urban
areas are tall buildings (Salehi et al., 2012). Thus, built up surfaces in such areas are likely to be
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misclassified as water. In their study Salehi et al. (2012) performs a hierarchical classification
method to first extract shadow and non-shadow areas and divide the latter into parking lots and
non parking lots to finally classify buildings and roads. They use band indices such as brightness,
normalized difference water index (NDWI) and Ration G through thresholding and vector data to
discriminate shadows. Pimple et al., (2017) used DEM data and various topographic correction
methods as improved cosine correction, C-correction, minnaert correction, statistical empirical
corrections, and variable empirical coefficient algorithm to reduce relief effects in forest cover
classification of a complex mountainous topography. In contrast Figure 3-13(b) shows that
misclassified water pixels were significantly reduced by the fused dataset. This demonstrates the
usefulness of radar bands to eliminate shadow effects without any correction algorithm. Unlike
the optical image, radar images consider the geometry of the object backscattering the signal.
Also surface roughness and internal structure of the surface can be retrieved. Therefore,
inclusion of derived texture measures from the radar band can reduce the shadow effects without
any complex topographic correction or complex shadow removal techniques.
Most of the cities considered in this study are surrounded by cultivation and other
vegetation cover. In contrast, Bahawalpur has significant barren cover to its south and east that
can also be seen in Figure 3-14(a). The 2020 optical data overestimated Bahawalpur's
impervious surface area by over 20%. Therefore, the city's impervious surface map from fused
data was overlaid on the impervious surface map from optical data for further examination. In
Figure 3-14(b) it is seen that considerable barren pixels were misclassified as built-up to the
south and east, as well as on the river banks. Misclassification of barren surface into built up was
also observed in other cities lying on the riverbank (Multan and Rawalpindi).The impervious
surfaces overestimation from optical alone data in other cities ranged from 1.5% in Sahiwal to
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7.1% in Multan for 2020. A similar case was also observed in a study conducted by Thakkar et
al. (2017) where river sand class was misclassified into built-up class. The built-up area
extraction from spectral or spatial indexes or spectral alone data does not address the confusion
between built-up and other land cover types as it emphasizes a single class (Zhang et al., 2014).
Due to heterogeneous spectral characteristics of urban areas, spectral confusion is created with
other land cover classes. For instance, similar spectral signatures of barren land and asphalt
concrete results in misclassification of barren into built-up and vice versa during land cover
classification. Therefore texture measures are widely used in built-up area extraction (Guindon et
al., 2004, Pesaresi et al., 2008, Pesaresi and Gerhardinger 2011, Karathanassi et al., 2000,
Stefanov et al., 2001, Dekker 2003). Each texture measure obtained from the radar band provides
unique spatial information to discriminate between land cover types (Zhang et al., 2014) and can
complement reflectance information from optical images.

3.4.6 Environmental Impacts of Impervious Surface Expansion

IS expansion in these cities occurred at a cost of replacing natural surfaces, such as
agricultural land, open spaces, and tree cover with built-up surfaces. Increasing such surfaces
surges the wastewater and stormwater effluents. If such effluent is directed to streams without
proper treatment, both humans and aquatic lives are at stake (Jalilov et al., 2018; UN Water,
2008). Iqbal et al. (2018) performed water quality modeling of the Ravi River in their study.
Drainage of various urban areas of Sheikhupura, Faisalabad, and Sahiwal districts ultimately
carry the untreated effluent into the river (Mahfooz et al., 2017, Haider & Ali, 2013). They
identified a distinct difference between the water quality upstream of the river and at downstream
locations in vicinity to urban settlements. The latter resulted in high concentrations of total
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dissolved solids (TDS), ammonia, and other toxic compounds (Iqbal et al., 2018). Like the Ravi,
the Sutlej River also faced adverse contamination with cadmium and lead, as identified by Hanif
et al. (2016). Their results revealed rapid urbanization as one of the major sources of metal
pollution. Urban heat island (UHI) effects are another consequence. For instance, Muhammad et
al. (2020) identified a 1.52⁰C average warming effect in Islamabad from 1993 to 2018 due to the
city’s increased IS. Thus, knowledge of IS spatial distribution in cities can aid in addressing the
urban climate and environmental pollution issues in regions.
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Figure 3-13: Land cover maps of Rawalpindi from (a) optical data and (b) fusion data
demonstrating misclassified hill topography into water. Misclassification are in figure (a).
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Figure 3-14: a) The above figure is a true color composite image from Google Earth Pro for
reference.
b) The lower figure is a barren surface around Bahawalpur that is misclassified as built-up by
optical data.
94

3.5 Conclusions

In this study S-1 together with S-2 were used to quantify the IS of nine Pakistani cities
(Rawalpindi-Islamabad, Multan, Faisalabad, Gujranwala, Bahawalpur, Sahiwal, Sheikhupura,
and Khanewal) in 2016 and 2020. It also estimated the rates of expansion in those cities. An RF
classifier was used for land cover classification defined by four classes: barren, built-up,
vegetation, and water. The maps were reclassified into binary maps to emphasize the IS. The
results from optical and combined data were analyzed and values added by S-1 were interpreted
with the support of land cover maps.

Results show that the IS expansion took place in all cities under consideration.
Rawalpindi-Islamabad had the highest growth among the cities considered, with the rate of 2.5%,
while Khanewal had the least growth, with a rate of 0.5%. The annual expansion rates of the
additional cities ranged from 1% to 2.25%. From CM there was a 2 to 9% increase in OA and a 3
to 12 % increase in kappa coefficient of the classified maps. Spectrum plots showed built up
surfaces had the highest values in backscattering and variance texture bands. This could have
contributed to improving map accuracies. Besides, in several optical bands, the signatures of
barren soil were in the vicinity of the built-up surface. This likely resulted in the overestimation
of IS from optical data. The maximum overestimation was seen in the city with significant barren
cover on the periphery, i.e., Bahawalpur. The overestimation was more than 20%. However, S-1
was able to remove the misclassified topography shadows into water in the land cover maps of
Rawalpindi. Such phenomena are common in places with irregular topography, according to past
studies. Cities surrounded with irregular topography and significant barren surfaces can be
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benefited with fused radar and optical dataset. Thus, this study was able to develop a cost and
labor effective methodology to combine radar and optical data to improve impervious surface
mapping at a city scale. This will aid in updating information on impervious surfaces, as well as
present and future trends of a city’s expansion.
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Chapter 4. Contribution and Recommendations

4.1 Summary and Conclusions

This thesis is inspired by the promising potential of data fusion in producing single highly
informative images from multiple sources and its application in impervious surface mapping. It
is also motivated by developing countries’ need to develop reliable methods for mapping their
cities’ IS. This study utilized freely accessible datasets from Sentinel satellites to explore their
suitability in deriving information from various land covers accounting for their improved spatial
and spectral resolution. This study assesses the value added by the backscattering and texture
information from the radar images to the reflectance information from optical images. It also
quantifies the impervious surface covers and estimates the growth rates of each city in the past
five years. There are limited sources to access the information on IS covers for the cities under
consideration. They are Copernicus Global Land Service dataset (100m global land cover maps
annually since 2015-2019), Punjab cities growth atlas published by the Urban Unit Pakistan
(urbanization map at five years interval from 1995 to 2015), and Atlas of Urban Expansion
(urban extent from 1991-2000 and 2000-2013). They limit the future accessibility of information
due to cost and data intensive computational processes utilized.

This study concludes that in comparison to optical data alone, multisource data were able
to improve the accuracies of classified maps by up to 11% and up to 7% in terms of OA and
kappa coefficients respectively. Besides, in several cases the optical data were overestimating the
built up covers in the cities due to spectral confusion between barren and built up surfaces.
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Whereas in cities with complex terrain shadows were misclassified as water class. Likely, in
overall all the 10 cities under consideration experienced some expansion in the past four years.
The IS annual expansion rates ranges from 0.5% for Khanewal to 2.5% in RawalpindiIslamabad. The IS expansion is the resultant of development to fulfill the housing demands of the
growing population in each city. In addition, construction of new road networks also
accompanied the development in the recent year in each city.

The first objective focused on formulating the methodology to combine the datasets from
S-1 and S-2. It assessed the first set of Research Questions: How well does the combined dataset
perform in mapping the impervious surfaces of the Lahore city? What is the rate and pattern of
spatial expansion of the city for the study period (October 2015 to March 2021)? To assess the
reliability of the IS maps produced in this study, land cover samples from HRI were extracted
and a confusion matrix was prepared to identify the rate of correct predictions. In the confusion
matrix the correctly identified built up pixels were increased when radar bands were combined
with the optical bands. More than 90% of the validation pixels were correctly identified in the
land cover maps of Lahore city by both combined and single dataset. However, optical alone
dataset tends to overestimate the impervious surface. This improvement can be attributed to the
distinct feature of such covers added by the sigma db and variance texture bands as found from
the spectrum plots. There was up to 3% improvement in OA and up to 5% in kappa coefficient.
Based on the OA and kappa coefficients of land cover maps, it can be concluded that combined
S-1 and S-2 dataset perform very well in mapping the IS of Lahore. These answers the first
question. From the IS maps from fused datasets, the annual rate of expansion of Lahore was
found to be 2.14%. The city was mostly growing on the outskirts as identified by overlaid
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impervious maps form 2015 and 2021. Some infill growth patterns were also observed. The is
have surged either by extending the existing settlement or by densifying the settlement or by
filling up the completely barren surface by new housing complexes. These answers the second
question.

The second objective focused on extending the methodology to assess the suitability of
fused Sentinel datasets to map the impervious areas of cities regardless of their size and climatic
conditions. This also helped in assessing the versatility of freely accessible remote sensing data
to be utilized by the developing countries for urban monitoring. The cities include RawalpindiIslamabad, Multan, Faisalabad, Gujranwala, Bahawalpur, Sahiwal, Sheikhupura, and Khanewal.
It assessed the second set of Research Questions: How consistently does the fused dataset
improve the performance of classified land cover maps of the cities? Are there any specific
benefits of adding radar data with respect to geography and terrain of cities?, What are the rates
of expansion of the cities under consideration for the study period (February 2016 to February
2020)? The OA and kappa coefficients of classified maps from fused data were all greater than
80% with respect to the validation samples therefore considered reliable. There was up to 9%
increase in OA and up to 12% increase in kappa coefficient from the CM. Similar to the first
objective, the built up covers also showed distinct feature in the sigma db and variance texture
bands as found from the spectrum plots. This concludes that the fused dataset were consistent in
improving the classified land cover maps for impervious surface mapping of the cities. These
answer the first question. Besides, the optical alone data again overestimated the impervious
surface area of the cities. For instance, Bahawalpur’s impervious surface was overestimated by
more than 20%. Unlike other cities, Bahawalpur was surrounded by plenty of barren surfaces
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which might have escalated the rate of barren surface misclassification into built up. Rawalpindi
faced a unique challenge due to its topography. Due to unevenness of hills surrounding the city,
shadows were formed and misclassified into water class. However, additional radar data were
able to significantly remove the misclassified shadow. This concludes that cities with irregular
topography, filled with tall buildings causing shadows, or surrounded by significant barren
surface can be benefitted with fused radar and optical dataset. These answer the second question.
Rawalpindi-Islamabad had the highest expansion rate, 2.5% and Khanewal had the least
expansion rate, 0.5%. The cities were also the largest and the smallest in terms of urban extent.
In overall the expansion rates of other cities ranged from 1% to 2.25% in the past four years.
These answer the third question of the second objective.

4.2 Contribution

Remote sensing data have been used in a comprehensible number of studies to map the
impervious surfaces of various geographical locations. Besides, several literatures also examine
the fusion of dataset. While this study is the first to use the fusion of S-1 and S-2 datasets to map
the impervious surfaces at city scale in Pakistan, it also brings focus on the importance of
versatility to extend the method developed for one city to multiple others. For instance, the
methods in this study were developed for Lahore but transferred to nine other cities as well.

The main contributions are as follows. Firstly, this study develops a procedure to combine radar
and optical datasets utilizing free platforms such as SNAP and R. Also, the proposed method for
fusion of images and land cover classification has low computational cost and time. Most studies
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co-register S-1 and S-2 data in SNAP which is process-intensive. While fusing the data in R was
proved to be computationally efficient. Secondly, Pakistan has very few studies that assesses the
Sentinel datasets for impervious surface mapping of its cities. This study adds insights on
versatility of combination of S-1 and S-2 data for multiple cities regardless of their sizes and
climatic conditions. Utilization of such open-source data can be advantageous for developing
countries. Lastly, the results obtained from this study are comparable with Angel et al. (2016) as
well as Buchhorn et al. (2020). According to results obtained by Angel et al. (2016) and
Buchhorn et al. (2020), Lahore’s impervious surface area in 2015 was 8.75% and 1% higher than
evaluated by this study. Similarly, a correlation plot identified a R-square value of 0.99 between
the 2016 impervious surface areas of other nine cities from this study and Buchhorn et al. (2020).

4.3 Limitations

Despite a comprehensive attempt to assess the potential of fusing radar and optical
datasets from the Sentinel platform to map the impervious surfaces at city scale, there are certain
limitations in this study. Due to the limited temporal frame of Sentinel satellites, the urban
expansion studies could only be conducted over a limited period of time. Generally, studies use a
temporal gap of a decade to conduct change analysis. They also break the change into two
frames. As an example urban expansion could be estimated by comparing 1995-2005 data to
2005-2015 data. Due to unequal distribution of population, Punjabi cities experienced different
growth rates throughout the study period. Further, the validation of classified maps was limited
to comparison with high resolution images due to absence of ground truth. The identification and
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classification process could be made even more time efficient if the current research dependency
on multiple platforms for processing, classifying, and analysis could be transferred to a single
platform. Additionally, there are biases of pixel level area computation from the classified maps
due to presence of mixed pixels. A limitation of supervised classification that was used is the
need to pre-define numerous classes of land cover for the technique to be consistent with
detecting any global land cover (Di Gregorio, 2005). As a result, there was a need to define
individual training sets for both city under consideration and for each point of time (2016 and
2020). Also, manual picking of polygons as land cover samples had inconsistencies in defining a
class and boundaries creating a need to define a strict class boundary. Regardless of these
limitations, the results produced were comparable with other studies in the same regions.

4.4 Recommendations

The following recommendations for future studies can be made to address some limitation of this
current study and for follow-up work.

1. Availability of ground truth data was a huge challenge for this study. It is capital
intensive for Pakistan to timely update the state of urbanization in its cities. Long term
very high-resolution commercial imageries could help in more robust validation of
classified land cover maps to produce more accurate impervious surfaces maps.

2. The analysis might better be able to detect long term trends if changes could be observed
over a longer time frame. Although increasing data availability has progressed multi-
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temporal analysis of urban land cover using remote sensing (Zuo et al., 2018), Sentinel
satellites have narrow temporal cover.

3. In future, socio-economic datasets such as population, economy of the cities,
governmental framework for land use policies could be integrated with estimating IS and
growth magnitude.

4. A future investigator could also examine the fusion of Sentinel data with commercial
high-resolution imagery (IKONOS, Quick Birds) to enhance the information on land
cover. Especially at city-scale mapping, high-resolution image data are much preferred
(Bauer et al., 2004). It is important to develop techniques to estimate the quality of the
fused imagery such as criteria to assess radiometric integrity. With prospects of improved
sensors in future, multisensory image fusion and interpretation will offer wider
opportunity in impervious surface area detection in city scale.

5. Further research can be performed in mutual information and parameter selection of each
remote sensor to enhance the classification algorithm. In this study the spectral signature
and backscatter information of each land cover was averaged to create a spectrum plot
and the plots were visually evaluated the band's ability to differentiate the covers.
However, statistical analysis could provide us a more robust basis to improve our
decision making of training data selection.
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6. Classifier that uses boosting instead of bagging can be used in the future to compare the
accuracies of the land cover classification.

7. Moreover, a combination of all levels of fusion: pixel, feature, and decision can be
implemented to produce a high-quality fused image. Also, an automated technique
development could be studied in future to fuse the images in a single platform. Future
investigators could also make a comparative study of different fusion techniques (pixellevel, feature-level, and decision-level) as well as the nature of training samples as
balanced and imbalanced.
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Appendix A. Supplemental Information for Chapter 2
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Figure A-1: Comparison of classification with high resolution image for Lahore corresponding to
2021 fused image.

106

References
Abd Manaf, S., Mustapha, N., Sulaiman, M. N., Husin, N. A., & Hamid, M. R. A. (2016).
Comparison of Classification Techniques on Fused Optical and SAR Images for
Shoreline Extraction: A Case Study at Northeast Coast of Peninsular Malaysia. Journal
of Computational Science, 12(8), 399-411.
Abdel-Hamid, A., Dubovyk, O., El-Magd, A., & Menz, G. (2018). Mapping mangroves extend
on the Red Sea coastline in Egypt using polarimetric SAR and high resolution optical
remote sensing data. Sustainability, 10(3), 646.
Abdel-Rahman, E. M., Mutanga, O., Adam, E., & Ismail, R. (2014). Detecting Sirex noctilio
grey-attacked and lightning-struck pine trees using airborne hyperspectral data, random
forest and support vector machines classifiers. ISPRS Journal of Photogrammetry and
Remote Sensing, 88, 48-59.
Aguejdad, R., & Hubert-Moy, L. (2016). Monitoring urban growth using remote sensing and
landscape metrics. Application to a medium-sized city, Rennes metropolitan area
(France). Cybergeo: European journal of geography.
Agüera, F., Aguilar, F. J., & Aguilar, M. A. (2008). Using texture analysis to improve per-pixel
classification of very high resolution images for mapping plastic greenhouses. ISPRS
Journal of Photogrammetry and Remote Sensing, 63(6), 635-646.
Ahmad S. and Simonovic S. P., (2001). Integration of heuristic knowledge with analytical tools
for selection of flood control measures. Canadian Journal of Civil Engineering, 28(2),
208-221.
Ahmad S. (2016). Managing Water Demands for a Rapidly Growing City in Semi-Arid
Environment: Study of Las Vegas, Nevada. International Journal of Water Resources
and Arid Environments, 5(1):35-42.
Ahmad S, Kalra A and Stephen H (2010). Estimating Soil Moisture using Remote Sensing Data:
A Machine Learning Approach. Advances in Water Resources. 33(1) 69-80.
Amarsaikhan, D., Ganzorig, M., Ache, P., & Blotevogel, H. (2007). The integrated use of optical
and InSAR data for urban land‐cover mapping. International Journal of Remote Sensing,
28(6), 1161-1171.
Amoueyan E., Ahmad S., Eisenberg J., Gerrity D. (2020). A Dynamic Quantitative Microbial
Risk Assessment for Norovirus in Potable Reuse Systems. Microbial Risk Analysis.
https://doi.org/10.1016/j.mran.2019.100088

107

Amoueyan E, Ahmad S, Eisenberg J NS, Gerrity D. (2019). Equivalency of Indirect and Direct
Potable Reuse Paradigms based on a Quantitative Microbial Risk Assessment
Framework. Microbial Risk Analysis, https://doi.org/10.1016/j.mran.2019.06.003
Amoueyan E, Ahmad S, Eisenberg J NS, Pecson B, Gerrity D. (2017). Quantifying pathogen
risks associated with potable reuse: A risk assessment case study for Cryptosporidium,
Water Research http://doi.org/10.1016/j.watres.2017.04.048
Angel, S., Blei, A. M., Civco, D. L., & Parent, J. (2012). Atlas of urban expansion (p. 397).
Cambridge, MA: Lincoln Institute of Land Policy.
Angel, S., Blei, A. M., Civco, D. L., & Parent, J. (2016). Atlas of urban expansion.
http://atlasofurbanexpansion.org/cities/view/Lahore
Arnold Jr, C. L., & Gibbons, C. J. (1996). Impervious surface coverage: the emergence of a key
environmental indicator. Journal of the American Planning Association, 62(2), 243-258.
Asad, M., Ahmad, S. R., Ali, F., Mehmood, R., Butt, M. A., & Rathore, S. Use Of Remote
Sensing For Urban Impervious Surfaces: A Case Study Of Lahore. International Journal
of Engineering and Applied Sciences, 4(8), 257387.
Attema, E., Davidson, M., Floury, N., Levrini, G., Rosich, B., Rommen, B., & Snoeij, P. (2008).
Sentinel-1 ESA's new European radar observatory. In 7th European conference on
synthetic aperture radar (pp. 1-4). VDE.
Babaei, H., Nazari-Sharabian, M., Karakouzian, M., & Ahmad, S. (2019). Identification of
Critical Source Areas (CSAs) and Evaluation of Best Management Practices (BMPs) in
Controlling Eutrophication in the Dez River Basin. Environments, 6(2), 20.
Bailey, J.R.; Bukhary, S.; Batista, J.R.; Ahmad, S. (2021). Renewable Energy Generation and
GHG Emission Reduction Potential of a Satellite Water Reuse Plant by Using Solar
Photovoltaics and Anaerobic Digestion. Water, 13, 635.
https://doi.org/10.3390/w13050635
Bailey J, Ahmad S, Batista J (2020) The Impact of Advanced Treatment Technologies on the
Energy Use in Satellite Water Reuse Plants. Water, 12, 366; doi:10.3390/w12020366
Bairoch, P. (1988). Cities and economic development: from the dawn of history to the present.
University of Chicago Press.
Barnes, K. B., Morgan, J., & Roberge, M. (2001). Impervious surfaces and the quality of natural
and built environments. Baltimore: Department of Geography and Environmental
Planning, Towson University.

108

Batool, R., Mahmood, K., Ahmad, S. R., & Naeem, M. A. (2019). Geographic scenario
of drinking water quality of Lahore metropolitan, Pakistan, in response to urbanization
and water demand: a GIS perspective. Applied Ecology and Environmental Research,
17(2), 3973-3988.
Bauer, M. E., Heinert, N. J., Doyle, J. K., & Yuan, F. (2004, May). Impervious surface mapping
and change monitoring using Landsat remote sensing. In ASPRS annual conference
proceedings (Vol. 10). Bethesda, MD: American Society for Photogrammetry and
Remote Sensing.
Belgiu, M., & Drăguţ, L. (2016). Random forest in remote sensing: A review of applications and
future directions. ISPRS Journal of Photogrammetry and Remote Sensing, 114, 24-31.
Berry, B. J. (2008). Urbanization. In Urban ecology (pp. 25-48). Springer, Boston, MA.
Bertinelli, L., & Black, D. (2004). Urbanization and growth. Journal of Urban Economics, 56(1),
80-96.
Bhalli, M. N., Ghaffar, A., & Shirazi, S. A. (2012). Remote sensing and GIS applications for
monitoring and assessment of the urban sprawl in Faisalabad, Pakistan. Pakistan Journal
of Science, 64(3), 203-208.
Bhatta, B. (2010). Analysis of urban growth and sprawl from remote sensing data. Springer
Science & Business Media.
Bhatti, S. S., & Tripathi, N. K. (2014). Built-up area extraction using Landsat 8 OLI imagery.
GIScience & remote sensing, 51(4), 445-467.
Bicheron, P., Defourny, P., Brockmann, C., Schouten, L., Vancutsem, C., Huc, M., Bontemps,
S.Leroy, M., Achard, F., Herold, M., & Ranera, F. (2008). Globcover: products
description and validation report.
Birch, E. L., & Wachter, S. M. (Eds.). (2011). Global urbanization. University of Pennsylvania
Press, 382p.
Blum, R. S., & Liu, Z. (Eds.). (2018). Multi-sensor image fusion and its applications. CRC press.
Booth, D. B., & Jackson, C. R. (1997). Urbanization of aquatic systems: degradation thresholds,
stormwater detection, and the limits of mitigation 1. JAWRA Journal of the American
Water Resources Association, 33(5), 1077-1090.
Brabec, E., Schulte, S., & Richards, P. L. (2002). Impervious surfaces and water quality: a
review of current literature and its implications for watershed planning. Journal of
planning literature, 16(4), 499-514.
109

Breiman, L. Random Forests(2001). Machine Learning 45, 5–32.
https://doi.org/10.1023/A:1010933404324
Breiman, L., Friedman, J., Stone, C. J., & Olshen, R. A. (1984). Classification and regression
trees. CRC press.
Brisco, B., & Brown, R. J. (1995). Multidate SAR/TM synergism for crop classification in
western Canada. Photogrammetric Engineering and Remote Sensing, 61(8), 1009-1014.
Britannica, T. Editors of Encyclopaedia (2011, February 6). Siwalik Range. Encyclopedia
Britannica. https://www.britannica.com/place/Siwalik-Range
Buchhorn, M., Smets, B., Bertels, L., De Roo, B., Lesiv, M., Tsendbazar, N. - E., Herold, M., &
Fritz, S. (2020) Copernicus Global Land Service: Land Cover 100m: collection 3: epoch
2015: Globe 2020. DOI 10.5281/zenodo.3939038
Bukhary S, Batista J, Ahmad S (2018). Analyzing Land and Water Requirements for Solar
Deployment in the Southwestern United States. Renewable and Sustainable Energy
Reviews, 82(3): 3288-3305. https://doi.org/10.1016/j.rser.2017.10.016
Bukhary, S.; Batista, J.; Ahmad, S. (2020a). Water -Energy -Carbon Nexus Approach for
Sustainable Large-Scale Drinking Water Treatment Operation. Journal of Hydrology.
587-124953. doi:10.1016/j.jhydrol.2020.124953
Bukhary, S.; Batista, J.; Ahmad, S. (2020b). Design Aspects, Energy Consumption Evaluation,
and Offset for Drinking Water Treatment Operation. Water 12(6), 1772;
doi:10.3390/w12061772
Bukhary, S.; Batista, J.; Ahmad, S. (2020c). An Analysis of Energy Consumption and the Use of
Renewables for a Small Drinking Water Treatment Plant. Water, 12, 28. doi:
10.3390/w12010028
Bukhary S, Batista J, Ahmad S (2018). Sustainable Desalination of Brackish Groundwater for
the Las Vegas Valley. World Environmental and Water Resources Congress,
Minneapolis, MN June 3-7, 2018.
Caballero, G. R., Platzeck, G., Pezzola, A., Casella, A., Winschel, C., Silva, S. S., Luduena, E.,
Pasqualotto, N., & Delegido, J. (2020). Assessment of multi-date sentinel-1 polarizations
and GLCM texture features capacity for onion and sunflower classification in an irrigated
valley: An object level approach. Agronomy, 10(6), 845.

110

Carter, R. W. Magnitude and Frequency of Floods in Suburban Areas. Short Papers in the
Geologic and Hydrologic Sciences, 1961, 424-B: B9-B11.
Chan, J. C. W., & Paelinckx, D. (2008). Evaluation of Random Forest and Adaboost tree-based
ensemble classification and spectral band selection for ecotope mapping using airborne
hyperspectral imagery. Remote Sensing of Environment, 112(6), 2999-3011.
Chen C, Ahmad S, Kalra A, Xu Z (2017). A dynamic model for exploring water-resource
management scenarios in an inland arid area: Shanshan County, Northwestern China.
Journal of Mountain Science 14. DOI: 10.1007/s11629-016-4210-1
Chen, C., Kalra, A., Ahmad, S. (2017). A conceptualized groundwater flow model development
for integration with surface hydrology model, World Environmental and Water
Resources Congress, Sacramento, CA May 21-25, 2017, pp. 175-187. DOI:
10.1061/9780784480601.017
Chen, C., Kalra, A., & Ahmad, S. (2019). Hydrologic responses to climate change using
downscaled GCM data on a watershed scale. Journal of Water and Climate Change,
10(1), 63-77.
Christopherson, R. W. (2001). Elemental Geosystems (3rd ed.). Upper Saddle River, NJ : Prentice
Hall, 2001.
Chust, G., Ducrot, D., & Pretus, J. L. (2004). Land cover discrimination potential of radar
multitemporal series and optical multispectral images in a Mediterranean cultural
landscape. International Journal of Remote Sensing, 25(17), 3513-3528.
Civco, D. L., & Hurd, J. D. (1997, April). Impervious surface mapping for the state of
Connecticut. In Proceedings of the 1997 ASPRS Annual Conference (pp. 124-135).
Clerici, N., Valbuena Calderón, C. A., & Posada, J. M. (2017). Fusion of Sentinel-1A and
Sentinel-2A data for land cover mapping: a case study in the lower Magdalena region,
Colombia. Journal of Maps, 13(2), 718-726.
Dams, J., Dujardin, J., Reggers, R., Bashir, I., Canters, F., & Batelaan, O. (2013). Mapping
impervious surface change from remote sensing for hydrological modeling. Journal of
Hydrology, 485, 84-95.
Davidson, M., Snoeij, P., Attema, E., Rommen, B., Floury, N., Levrini, G., & Duesmann, B.
(2010, June). Sentinel-1 mission overview. In 8th European Conference on Synthetic
Aperture Radar (pp. 1-4). VDE.

111

Dawadi, S., & Ahmad, S. (2013). Evaluating the Impact of Demand-Side Management on Water
Resources under Changing Climatic Conditions and Increasing Population, Journal of
Environmental Management, 114: 261-275.
De Leeuw, J., Jia, H., Yang, L., Liu, X., Schmidt, K., & Skidmore, A. K. (2006). Comparing
accuracy assessments to infer superiority of image classification methods. International
Journal of Remote Sensing, 27(1), 223-232.
Dekker, R. J. (2003). Texture analysis and classification of ERS SAR images for map updating
of urban areas in the Netherlands. IEEE Transactions on Geoscience and Remote
Sensing, 41(9), 1950-1958.
Di Gregorio, A. (2005). Land cover classification system: classification concepts and user
manual: LCCS (Vol. 2). Food & Agriculture Org.
Douglas, I. (1983). The Urban Environment. Baltimore: Edward Arnold.
Dusseux, P., Corpetti, T., Hubert-Moy, L., & Corgne, S. (2014). Combined use of multitemporal optical and radar satellite images for grassland monitoring. Remote Sensing,
6(7), 6163-6182.
Erasmi, S., & Twele, A. (2009). Regional land cover mapping in the humid tropics using
combined optical and SAR satellite data—A case study from Central Sulawesi,
Indonesia. International Journal of Remote Sensing, 30(10), 2465-2478.
ESA. Mapping Germany’s Agricultural Landscape. ESA, Ed.; 2017. Available online:
https://www.esa.int/ESA_Multimedia/Images/2017/2008/Mapping_Germany_s_agricultu
ral_landscape (accessed on 28 April 2020).
Esch, T., & Roth, A. (2004). Semi-automated classification of urban areas by means of high
resolution radar data. In ISPRS 2004 Congress (pp. 478-482).
European Space Agency. (2016). Sentinel application platform. Retrieved December 2020, from
http://step.esa.int/main/toolboxes/snap
Filipponi, F. (2019). Sentinel-1 GRD Preprocessing Workflow. In Multidisciplinary Digital
Publishing Institute Proceedings (Vol. 18, No. 1, p. 11).
Foody, G. (2004). Thematic map comparison: Evaluating the statistical significance of
differences in classification accuracy. Photogrammetric Engineering Remote Sensing, 70.
Forman, R. T. (1995). Land mosaics: The ecology of landscapes and regions. Cambridge
University Press, Cambridge.

112

Forsee W., & Ahmad, S. (2011). Evaluating Urban Stormwater Infrastructure Design in
Response to Projected Climate Change. ASCE Journal of Hydrologic Engineering
16(11): 865-873. doi:10.1061/(ASCE)HE.1943-5584.0000383.
Friedl, M. A., McIver, D. K., Hodges, J. C., Zhang, X. Y., Muchoney, D., Strahler, A. H.,
Woodcock, C., Gopal, S., Schneider, A., Cooper, A., Baccini, A., Gao, F. & Schaaf, C.
(2002). Global land cover mapping from MODIS: algorithms and early results. Remote
sensing of Environment, 83(1-2), 287-302.
Fritz, S., See, L., Perger, C., McCallum, I., Schill, C., Schepaschenko, D., Duerauer, M., Karner,
M., Dresel, C., Laso-Bayas, J., Lesiv, M., Moorthy, I., Salk, C.F., Danylo, O., Sturn,
Tobias., Albrecht, F., You, L., Kraxner, F., & Obersteiner, M. (2017). A global dataset of
crowdsourced land cover and land use reference data. Scientific data, 4, 170075.
Gao, F., De Colstoun, E. B., Ma, R., Weng, Q., Masek, J. G., Chen, J., ... & Song, C. (2012).
Mapping impervious surface expansion using medium-resolution satellite image time
series: a case study in the Yangtze River Delta, China. International Journal of Remote
Sensing, 33(24), 7609-7628.
Gao, Y., Mas, J. F., Maathuis, B. H. P., Xiangmin, Z., & Van Dijk, P. M. (2006). Comparison of
pixel‐based and object‐oriented image classification approaches—a case study in a coal
fire area, Wuda, Inner Mongolia, China. International Journal of Remote
Sensing, 27(18), 4039-4055.
Ghimire, B., Rogan, J., & Miller, J. (2010). Contextual land-cover classification: incorporating
spatial dependence in land-cover classification models using random forests and the Getis
statistic. Remote Sensing Letters, 1(1), 45-54.
Gislason, P. O., Benediktsson, J. A., & Sveinsson, J. R. (2004, September). Random forest
classification of multisource remote sensing and geographic data. In IGARSS 2004. 2004
IEEE International Geoscience and Remote Sensing Symposium (Vol. 2, pp. 1049-1052).
IEEE.
Gislason, P. O., Benediktsson, J. A., & Sveinsson, J. R. (2006). Random forests for land cover
classification. Pattern recognition letters, 27(4), 294-300.
Glaeser, E. L. (2014). A world of cities: The causes and consequences of urbanization in poorer
countries. Journal of the European Economic Association, 12(5), 1154-1199.
Guindon, B., Zhang, Y., & Dillabaugh, C. (2004). Landsat urban mapping based on a combined
spectral–spatial methodology. Remote sensing of environment, 92(2), 218-232.
Haider, H., & Ali, W. (2013). Evaluation of water quality management alternatives to control
dissolved oxygen and un-ionized ammonia for Ravi River in Pakistan. Environmental
Modeling & Assessment, 18(4), 451-469.

113

Haider, Z. (2018). Lessons from Lahore flooding. International The News, Money Matters.
Ham, J., Chen, Y., Crawford, M. M., & Ghosh, J. (2005). Investigation of the random forest
framework for classification of hyperspectral data. IEEE Transactions on Geoscience and
Remote Sensing, 43(3), 492-501.
Hansen, M. C., DeFries, R. S., Townshend, J. R., & Sohlberg, R. (2000). Global land cover
classification at 1 km spatial resolution using a classification tree approach. International
journal of remote sensing, 21(6-7), 1331-1364.
Hansen, M. C., Potapov, P. V., Moore, R., Hancher, M., Turubanova, S. A., Tyukavina, A.,
Thau, D., Stehman, S.V., Goetz, S.J., Loveland, T.R, Kommareddy, A., Egorov, A.,
Chini, L., Justice, C.O., & Townshend, J. R. G. (2013). High-resolution global maps of
21st-century forest cover change. science, 342(6160), 850-853.
Haralick, R. M., Shanmugam, K., & Dinstein, I. H. (1973). Textural features for image
classification. IEEE Transactions on systems, man, and cybernetics, (6), 610-621.
Harbor, and Jonathan M., A practical method for estimating the impact of land-use change on
surface runoff, groundwater recharge and wetland hydrology. American Planning
Association. Journal of the American Planning Association, 1994, 60 (1).
Hashidu, B. R., Abbas, A. M., & Kamaludeen, A. M. (2019). Urban Growth Pattern and
Agricultural Land Use Dynamics in Gombe City, Nigeria. Journal of Advanced Research
in Agriculture Science and Technology, 2(2), 43-49.
History of Allama Iqbal International Airport, Lahore. (2016, June 9). CAA.
http://lahoreairport.com.pk/About/About-History.aspx/
Ho, T. K. (1995). Random decision forests. In Proceedings of 3rd international conference on
document analysis and recognition (Vol. 1, pp. 278-282). IEEE.
Ho, T. K. (1998). The random subspace method for constructing decision forests. IEEE
transactions on pattern analysis and machine intelligence, 20(8), 832-844.
Holobâcă, I. H., Ivan, K., & Alexe, M. (2019). Extracting built-up areas from Sentinel-1 imagery
using land-cover classification and texture analysis. International Journal of Remote
Sensing, 40(20), 8054-8069.
Hong, G., Zhang, A., Zhou, F., & Brisco, B. (2014). Integration of optical and synthetic aperture
radar (SAR) images to differentiate grassland and alfalfa in Prairie area. International
Journal of Applied Earth Observation and Geoinformation, 28, 12-19.
Huang, H., Legarsky, J., & Othman, M. (2007). Land-cover classification using Radarsat and
Landsat imagery for St. Louis, Missouri. Photogrammetric Engineering & Remote
Sensing, 73(1), 37-43.
114

Huang, W., DeVries, B., Huang, C., Lang, M. W., Jones, J. W., Creed, I. F., & Carroll, M. L.
(2018). Automated extraction of surface water extent from Sentinel-1 data. Remote
Sensing, 10(5), 797.
Hurd, J. D., & Civco, D. L. (2004). Temporal characterization of impervious surfaces for the
State of Connecticut. In ASPRS Annual Conference Proceedings, Denver, Colorado.
Imbe, M., Ohta, T., & Takano, N. (1997). Quantitative assessment of improvements in
hydrological water cycle in urbanized river basins. Water Science and Technology, 36(89), 219-222.
Impoinvil, D. E., Keating, J., Chowdhury, R. R., Duncan, R., Cardenas, G., Ahmad, S., Mbogo,
C. M., Githure, J. I., & Beier, J. C. (2007a). The association between distance to water
pipes and water bodies positive for anopheline mosquitoes (Diptera: Culicidae) in the
urban community of Malindi, Kenya. Journal of Vector Ecology 32 (2): 319-327.
Impoinvil, D. E., Ahmad, S., Troyo, A., Keating, J., Githeko, A. K., Mbogo, C. M., Kibe, L.,
Githure, J. I., Gad, A.M., Hassan A.N., Orshan L., Warburg A, Calderón-Arguedas O.,
Sánchez-Loría V.M., Velit-Suarez R., Chadee D.D., Novak R.J., and Beier J.C. (2007b).
Comparison of mosquito control programs in seven urban sites in Africa, the Middle
East, and the Americas. Health Policy, 83 (2-3): 196-212.
Imran, M., & Mehmood, A. (2020). Analysis and mapping of present and future drivers of local
urban climate using remote sensing: a case of Lahore, Pakistan. Arabian Journal of
Geosciences, 13(6), 1-14.
Iqbal, M. M., Shoaib, M., Agwanda, P., & Lee, J. L. (2018). Modeling approach for waterquality management to control pollution concentration: A case study of Ravi River,
Punjab, Pakistan. Water, 10(8), 1068.
Jalilov, S. M., Kefi, M., Kumar, P., Masago, Y., & Mishra, B. K. (2018). Sustainable urban
water management: Application for integrated assessment in Southeast Asia.
Sustainability, 10(1), 122.
Jenicka, S., Suruliandi, A. A textural approach for land cover classification of remotely sensed
images. CSIT 2, 1–9 (2014). https://doi.org/10.1007/s40012-014-0038-4
Jensen, J.R. (2006). Remote Sensing of the Environment: An Earth Resource Perspective, 2nd
ed., Prentice Hall, Upper Saddle River, NJ, p. 592.
Ji, L., Gong, P., Geng, X., & Zhao, Y. (2015). Improving the accuracy of the water surface cover
type in the 30 m FROM-GLC product. Remote Sensing, 7(10), 13507-13527.

115

Ji, M., and J.R. Jensen (1999). Effectiveness of subpixel analysis in detecting and quantifying
urban imperviousness from Landsat Thematic Mapper imagery. Geocarto International,
14(4):33-41.
Jones, J. A., Swanson, F. J., Wemple, B. C., & Snyder, K. U. (2000). Effects of roads on
hydrology, geomorphology, and disturbance patches in stream networks. Conservation
Biology, 14(1), 76-85.
Joshi, N., Baumann, M., Ehammer, A., Fensholt, R., Grogan, K., Hostert, P., ... & Waske, B.
(2016). A review of the application of optical and radar remote sensing data fusion to
land use mapping and monitoring. Remote Sensing, 8(1), 70.
Kalra A, Sagarika S, Pathak P, Ahmad S (2017). Hydro-climatological changes in the Colorado
River Basin over a century. Hydrological Sciences Journal
10.1080/02626667.2017.1372855
Kandissounon GA, Kalra A, Ahmad S (2018). Integrating System Dynamics and Remote
Sensing to Estimate Future Water Usage and Average Surface Runoff in Lagos, Nigeria.
Civil Engineering Journal 4(2) 378-393. http://dx.doi.org/10.28991/cej-030998
Karathanassi, V., Iossifidis, C. H., & Rokos, D. (2000). A texture-based classification method for
classifying built areas according to their density. International Journal of Remote
Sensing, 21(9), 1807-1823.
Katagi, J., Nasahara, K. N., Kobayashi, K., Dotsu, M., & Tadono, T. (2018). Reduction of
misclassification caused by mountain shadow in a high resolution land use and land cover
map using multi-temporal optical images. Journal of the Remote Sensing Society of
Japan, 38, 30-34.
Khalid, Z. (2016, June 24). Top 10 Tallest Buildings in Pakistan. ZunNurain Khalid
https://medium.com/@zunnurainkhalid/top-10-tallest-buildings-in-pakistanf32eda17c1de
Khan, M. S., Ullah, S., Sun, T., Rehman, A. U., & Chen, L. (2020). Land-Use/Land-Cover
Changes and Its Contribution to Urban Heat Island: A Case Study of Islamabad, Pakistan.
Sustainability, 12(9), 3861.
Kienegger, E. H. (1992) Assessment of a Wastewater Service Charge by Integrating Aerial
Photography and GIS. Photogrammetric Engineering and Remote Sensing, 58(11), 16011606.
Klein, R. (1979) Urbanization and stream quality impairment. American Water Resources
Association, Water Resources Bulletin, 15(4).
Kotkin, J., & Cox, W. (2013, April 8). The World’s Fastest-Growing Megacities. Forbes
116

Kotsiantis, S., & Pintelas, P. (2004). Combining bagging and boosting. International Journal of
Computational Intelligence, 1(4), 324-333.
Kuc, G., & Chormański, J. (2019). Sentinel-2 imagery for mapping and monitoring
imperviousness in urban areas. International Archives of the Photogrammetry, Remote
Sensing and Spatial Information Sciences, 42(1/W2).
Kulkarni, A. D., & Lowe, B. (2016). Random forest algorithm for land cover classification.
Lahore Garden Housing Scheme. (n.d). Zameen. https://www.zameen.com/newprojects/lahore_garden_housing_scheme-442.html#overview
Lawler, J. J., Lewis, D. J., Nelson, E., Plantinga, A. J., Polasky, S., Withey, J. C., ... & Radeloff,
V. C. (2014). Projected land-use change impacts on ecosystem services in the United
States. Proceedings of the National Academy of Sciences, 111(20), 7492-7497.
Lawrence, R. L., Wood, S. D., & Sheley, R. L. (2006). Mapping invasive plants using
hyperspectral imagery and Breiman Cutler classifications (RandomForest). Remote
Sensing of Environment, 100(3), 356-362.
Leopold, L.B., Hydrology for urban land planning: a guide book on the hydrologic effects of
urban land use, U.S. Geological Survey Circular, 1968, 554.
Loveland, T. R., Reed, B. C., Brown, J. F., Ohlen, D. O., Zhu, Z., Yang, L. W. M. J., &
Merchant, J. W. (2000). Development of a global land cover characteristics database and
IGBP DISCover from 1 km AVHRR data. International Journal of Remote Sensing,
21(6-7), 1303-1330.
Lu, D., & Weng, Q. (2006). Use of impervious surface in urban land-use classification. Remote
Sensing of Environment, 102(1-2), 146-160.
Lu, D., Hetrick, S., & Moran, E. (2011). Impervious surface mapping with Quickbird imagery.
International journal of remote sensing, 32(9), 2519-2533.
Mahboob, M. A., Atif, I., & Iqbal, J. (2015). Remote sensing and GIS applications for
assessment of urban sprawl in Karachi, Pakistan. Science, technology and development,
34(3), 179-188.
Mahfooz, Y., Yasar, A., Tabinda, A. B., Sohail, M. T., Siddiqua, A., & Mahmood, S. (2017).
Quantification of the River Ravi pollution load and oxidation pond treatment to improve
the drain water quality. Desalin Water Treat, 85, 132-137.
Mahyouba, S., Fadilb, A., Mansour, E. M., Rhinanea, H., & Al-Nahmia, F. (2019). Fusing of
optical and synthetic aperture radar (SAR) remote sensing data: A systematic literature

117

review (SLR). International Archives of the Photogrammetry, Remote Sensing and
Spatial Information Sciences, 42(4/W12).
Main-Knorn, M., Pflug, B., Louis, J., Debaecker, V., Müller-Wilm, U., & Gascon, F. (2017,
October). Sen2Cor for sentinel-2. In Image and Signal Processing for Remote Sensing
XXIII (Vol. 10427, p. 1042704). International Society for Optics and Photonics.
Mallinis, G., Galidaki, G., & Gitas, I. (2014). A comparative analysis of EO-1 Hyperion,
Quickbird and Landsat TM imagery for fuel type mapping of a typical Mediterranean
landscape. Remote Sensing, 6(2), 1684-1704.
Mangolini, M. (1994). Contribution of the fusion of multisensor satellite images at pixel level in
remote sensing and photo-interpretation (Doctoral dissertation, University of Nice
Sophia-Antipolis).
Margat, J. and van der Gun, J. (2013) Groundwater around the World: A Geographic Synopsis.
CRC Press/Balkema. Leiden.
Mayaux, P., Bartholomé, E., Fritz, S., & Belward, A. (2004). A new land‐cover map of Africa
for the year 2000. Journal of Biogeography, 31(6), 861-877.
McHugh, M. L. (2012). Interrater reliability: the kappa statistic. Biochemia medica, 22(3), 276282.
McNairn, H., Champagne, C., Shang, J., Holmstrom, D., & Reichert, G. (2009). Integration of
optical and Synthetic Aperture Radar (SAR) imagery for delivering operational annual
crop inventories. ISPRS Journal of Photogrammetry and Remote Sensing, 64(5), 434449.
McNemar, Q. (1947). Note on the sampling error of the difference between correlated
proportions or percentages. Psychometrika, 12(2), 153-157.
Mirza, Z. S., Nadeem, M. S., Beg, M. A., Sulehria, A. Q. K., & Shah, S. I. (2012). Current status
of fisheries in the Mangla Reservoir, Pakistan. Biologia, 58(1&2), 31-39.
Mistry, G., Stephen, H., & Ahmad, S. (2019). Impact of Precipitation and Agricultural
Productivity on Groundwater Storage in Rahim Yar Khan District, Pakistan. World
Environmental and Water Resources Congress, Pittsburg, PA. pp. 104-117.
Monday, H. M., Urban, J. S., Mulawa, D. and Benkelman, C. A. (1994) City of Irving Utilizes
High Resolution Multispectral Imagery for NPDES Compliance. Photogrammetric
Engineering and Remote Sensing, 60(4), 411-416.

118

Morgan, K. M., Newland, L. W., Weber, E., & Busbey, A. B. (1993). Using SPOT satellite data
to map impervious cover for urban runoff predictions. Toxicological & Environmental
Chemistry, 40(1-4), 11-16.
Mosquera-Machado S. and Ahmad S. (2007). Flood hazard assessment of Atrato river in
Colombia. Water Resources Management. 21(3): 591-609.
Mujtaba, G., Ahmed, Z., & Ophori, D. (2007). Management of groundwater resources in Punjab,
Pakistan, using a groundwater flow model. Journal of Environmental Hydrology, 15, 114.
Mukhtar, U., Zhangbao, Z., Beihai, T., Naseer, M. A. U. R., Razzaq, A., & Hina, T. (2018).
Implications of decreasing farm size on urbanization: a case study of Punjab Pakistan. Journal of
Social Science Studies, 5(2), 71-86.
Mumtaz, B., Ahmed, N., Ali, R., Ali, S., Khan, J.A., Mumtaz, K.K., Noor, F., Qureshi, F., &
Tahir, N. (2018). State of Pakistani Cities 2018. UN Habitat, Pakistan.
Naeem B., Azmat M., Tao H., Ahmed S., Khattak M.U., Haider S., Ahmad S., Khero Z., Goodell
C.R., (2021). Flood Hazard Assessment for the Tori Levee Breach of the Indus River
Basin, Pakistan. Water 13(5), 604; https://doi.org/10.3390/w13050604
NASA (2001). Satellite Maps Provide Better Urban Sprawl Insight. NASA News Release, 2 June
2001.
Nasar-u-Minallah, M. (2020). Exploring the Relationship Between Land Surface Temperature
and Land Use Change in Lahore Using Landsat Data. Pakistan Journal of Scientific &
Industrial Research Series A: Physical Sciences, 63(3), 188-200.
Nascimento, N. O., Ellis, J. B., Baptista, M. B., & Deutsch, J. C. (1999). Using detention basins:
operational experience and lessons. Urban water, 1(2), 113-124.
Novotny, V. and Chesters, G. (1981) Handbook of Nonpoint Pollution: Sources and
Management. Van Nostrand Reinhold Company, New York.
Numbisi, F. N., Van Coillie, F., & De Wulf, R. (2018). Multi-date Sentinel 1 SAR image
textures discriminate perennial agroforests in a tropical forest-savanna transition
landscape. International Archives of the Photogrammetry, Remote Sensing & Spatial
Information Sciences, 42(1).
Nyaupane, N., Thakur, B., Kalra, A., & Ahmad, S. (2018). Evaluating Future Flood Scenarios
Using CMIP5 Climate Projections. Water, 10, 1866.

119

Omer, G., Mutanga, O., Abdel-Rahman, E. M., & Adam, E. (2015). Exploring the utility of the
additional WorldView-2 bands and support vector machines in mapping land use/land
cover in a fragmented ecosystem, South Africa. South African Journal of
Geomatics, 4(4), 414-433.
Pacifici, F., Chini, M., & Emery, W. J. (2009). A neural network approach using multi-scale
textural metrics from very high-resolution panchromatic imagery for urban land-use
classification. Remote Sensing of Environment, 113(6), 1276-1292.
Pakistan Bureau of Statistics. (2017). District and tehsil level population summary with region
breakup. Retrieved from http://www.pbscensus.gov.pk
Pal, M. (2005). Random forest classifier for remote sensing classification. International journal
of remote sensing, 26(1), 217-222.
Pappas, E. A., Smith, D. R., Huang, C., Shuster, W. D., & Bonta, J. V. (2008). Impervious
surface impacts to runoff and sediment discharge under laboratory rainfall simulation.
Catena, 72(1), 146-152.
Panahi M., Khosravi K., Ahmad S., Panahi S., Heddam S., Melesse A.M., Omidvar E., Lee C.W. (2021). Cumulative infiltration and infiltration rate prediction using optimized deep
learning algorithms: A study in Western Iran. Journal of Hydrology: Regional Studies,
35, 100825. https://doi.org/10.1016/j.ejrh.2021.100825.
Paragon City Lahore. (2020, December 23). SkyMarketting.
https://www.skymarketing.com.pk/paragon-city-lahore/
Pathak P, Kalra A, and Ahmad S (2017). Temperature and Precipitation changes in the
Midwestern United States: Implications for water management. International Journal of
Water Resources Development, 33(6). 10.1080/07900627.2016.1238343.
Paz, A., Maheshwari, P., Kachroo, P., & Ahmad, S. (2013). Estimation of Performance Indices
for the Planning of Sustainable Transportation Systems. Advances in Fuzzy Systems,
doi: http://dx.doi.org/10.1155/2013/601468
Pereira, L. D. O., Freitas, C. D. C., Sant´ Anna, S. J. S., Lu, D., & Moran, E. F. (2013). Optical
and radar data integration for land use and land cover mapping in the Brazilian Amazon.
GIScience & remote sensing, 50(3), 301-321.
Pesaresi, M., & Gerhardinger, A. (2010). Improved textural built-up presence index for
automatic recognition of human settlements in arid regions with scattered vegetation.
IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing,
4(1), 16-26.

120

Pesaresi, M., Gerhardinger, A., & Kayitakire, F. (2008). A robust built-up area presence index by
anisotropic rotation-invariant textural measure. IEEE Journal of selected topics in
applied earth observations and remote sensing, 1(3), 180-192.
Peters, J., De Baets, B., Verhoest, N. E., Samson, R., Degroeve, S., De Becker, P., &
Huybrechts, W. (2007). Random forests as a tool for ecohydrological distribution
modelling. ecological modelling, 207(2-4), 304-318.
Petropoulos, G. P., Kalaitzidis, C., & Vadrevu, K. P. (2012). Support vector machines and
object-based classification for obtaining land-use/cover cartography from Hyperion
hyperspectral imagery. Computers & Geosciences, 41, 99-107.
Pham-Duc, B., Prigent, C., & Aires, F. (2017). Surface water monitoring within Cambodia and
the Vietnamese Mekong Delta over a year, with Sentinel-1 SAR observations. Water,
9(6), 366.
Phiri, D., Simwanda, M., Salekin, S., R Nyirenda, V., Murayama, Y., & Ranagalage, M. (2020).
Sentinel-2 Data for Land Cover/Use Mapping: A Review. Remote Sensing, 12(14), 2291.
Pimple, U., Sitthi, A., Simonetti, D., Pungkul, S., Leadprathom, K., & Chidthaisong, A. (2017).
Topographic correction of Landsat TM-5 and Landsat OLI-8 imagery to improve the
performance of forest classification in the mountainous terrain of Northeast Thailand.
Sustainability, 9(2), 258.
Planning Commission. (2014). Pakistan vision 2025. Ministry of Planning, Development, and
Reform of Pakistan: Islamabad. See: http://pakistan2025. org.
Plunk, D. E., Morgan, K. and Newland, L. (1990) Mapping Impervious Cover Using Landsat
TM Data. Journal of Soil and Water Conservation, 45(5), 589-91.
Pohl, C., & Van Genderen, J. L. (1998). Review article multisensor image fusion in remote
sensing: concepts, methods and applications. International journal of remote sensing,
19(5), 823-854.
Population of Major Cities Census – 2017. (2017, August 29). Pakistan Bureau of Statistics.
http://www.pbscensus.gov.pk/sites/default/files/population_of_major_cities_census_2017
_0.pdf
Potere, D., Schneider, A., Angel, S., & Civco, D. L. (2009). Mapping urban areas on a global
scale: which of the eight maps now available is more accurate? International Journal of
Remote Sensing, 30(24), 6531-6558.
Puissant, A., Hirsch, J., & Weber, C. (2005). The utility of texture analysis to improve per‐pixel
classification for high to very high spatial resolution imagery. International Journal of
Remote Sensing, 26(4), 733-745.
121

Punjab Bureau of Statistics, (2015). Punjab development statistics 2015. Lahore (2015).
Puri, S., Stephen, H., Ahmad, S. (2011a). Relating TRMM Precipitation Radar Land Surface
Backscatter Response to Soil Moisture in the Southern United States. Journal of
Hydrology, 402(1-2): 115-125.
Puri, S., Stephen, H., Ahmad, S. (2011b). Relating TRMM Precipitation Radar Backscatter to
Water Stage in Wetlands. Journal of Hydrology, 401(3-4): 240-249.
Qaiser, K., Ahmad, S., Johnson, W., & Batista, J. R. (2011). Evaluating the impact of water
conservation on fate of outdoor water use: A study in an arid region. Journal of
Environmental Management 92(8): 2061-2068.
Quetta. (2011, July 16). Wayback Machine.
http://www.pakmet.com.pk/cdpc/extrems/lahore.htm
Rahaman, M. M., Thakur, B., Kalra, A., & Ahmad, S. (2019). Modeling of GRACE-Derived
Groundwater Information in the Colorado River Basin. Hydrology, 6(1), 19.
Rana, I. A., & Bhatti, S. S. (2018). Lahore, Pakistan–Urbanization challenges and opportunities.
Cities, 72, 348-355.
Raza, S. M. H., Mahmood, S. A., Alvi, F. S., Atif, M., Yahya, S., Ahmad, J., & Hanif, A. (2016).
Spatiotemporal monitoring of urban sprawl and its impact assessment in district
Sheikhupura through Remote Sensing and GIS using satellite images from 1976-2014.
Science International, 28(2).
Raziq, A., Xu, A., Li, Y., & Zhao, Q. (2016). Monitoring of land use/land cover changes and
urban sprawl in Peshawar City in Khyber Pakhtunkhwa: An application of geoinformation techniques using of multi-temporal satellite data. Journal of Remote Sensing
& GIS, 5, 174.
Ridd, M.K., 1995. Exploring a V-I-S (vegetation-impervious surface-soil) model for urban
ecosystem analysis through remote sensing: comparative anatomy for cities. International
Journal of Remote Sensing, 16(12):2165-2185
Robertson, D. L., & King, D. J. (2011). Comparison of pixel-and object-based classification in
land cover change mapping. International Journal of Remote Sensing, 32(6), 1505-1529.
Rodriguez-Galiano, V. F., Ghimire, B., Rogan, J., Chica-Olmo, M., & Rigol-Sanchez, J. P.
(2012). An assessment of the effectiveness of a random forest classifier for land-cover
classification. ISPRS Journal of Photogrammetry and Remote Sensing, 67, 93-104.

122

Rusuli, Y., Li, L., Ahmad, S., & Zhao, X. (2015). Dynamics model to simulate water and salt
balance of Bosten Lake in Xinjiang, China. Environmental Earth Sciences. 74(3): 24992510. Doi 10.1007/s12665-015-4257-2
Sadiq Khan, M., Ullah, S., Sun, T., Rehman, A. U., & Chen, L. (2020). Land-Use/Land-Cover
Changes and Its Contribution to Urban Heat Island: A Case Study of Islamabad, Pakistan.
Sustainability, 12(9), 3861.
Saher R., Stephen H., and Ahmad S. (2021). Urban evapotranspiration of Green Spaces in Arid
Regions through Two Established Approaches: A Review of Key Drivers,
Advancements, Limitations, and Potential Opportunities. Urban Water Journal 18(2).
https://doi.org/10.1080/1573062X.2020.1857796
Salehi, B., Zhang, Y., Zhong, M., & Dey, V. (2012). Object-based classification of urban areas
using VHR imagery and height points ancillary data. Remote Sensing, 4(8), 2256-2276.
Sattari, M.T., Mirabbasi, R., Jarhan, S. Sureh, F.S., Ahmad, S. (2020). Trend and abrupt change
analysis in water quality of Urmia Lake in comparison with changes in lake water level.
Environmental Monitoring and Assessment 192, 623. https://doi.org/10.1007/s10661020-08577-8
Schmidt, M., Pringle, M., Devadas, R., Denham, R., & Tindall, D. (2016). A framework for
large-area mapping of past and present cropping activity using seasonal Landsat images
and time series metrics. Remote Sensing, 8(4), 312.
Schneider, A., Friedl, M. A., & Potere, D. (2009). A new map of global urban extent from
MODIS satellite data. Environmental research letters, 4(4), 044003.
Schröter, D., Cramer, W., Leemans, R., Prentice, I. C., Araújo, M. B., Arnell, N. W., Bondeau,
A., Bugmann, H., Carter, T. R., Gracia, C. A., de la Vega-Leinert, A. C., Erhard, M.,
Ewert, F., Glendining, M., House, J. I., Kankaanpää, S., Klein, R. J. T., Lavorel, S.,
Lindner, M., … Zierl, B. (2005). Ecosystem service supply and vulnerability to global
change in Europe. science, 310(5752), 1333-1337.
Schueler, T. R., Fraley-McNeal, L., & Cappiella, K. (2009). Is impervious cover still important?
Review of recent research. Journal of Hydrologic Engineering, 14(4), 309-315.
Schueler, T. (1994). The importance of imperviousness. Watershed protection techniques, 1(3),
100-101.
Schueler, T. (1987). Controlling urban runoff: A practical manual for planning and designing
urban BMPs. metropolitan Washington Council of Governments. Washington DC, USA.

123

Sesnie, S. E., Gessler, P. E., Finegan, B., & Thessler, S. (2008). Integrating Landsat TM and
SRTM-DEM derived variables with decision trees for habitat classification and change
detection in complex neotropical environments. Remote Sensing of Environment, 112(5),
2145-2159.
Seto, K. C., & Reenberg, A. (Eds.). (2014). Rethinking global land use in an urban era (Vol. 14).
MIT Press.
Shaban, M. A., & Dikshit, O. (2001). Improvement of classification in urban areas by the use of
textural features: the case study of Lucknow city, Uttar Pradesh. International Journal of
remote sensing, 22(4), 565-593.
Shafi, J., Mirza, Z. S., Kosour, N., & Zafarullah, M. (2018). Assessment of water quality and
heavy metals contamination of river Ravi in pakistan. Pakistan Journal of Analytical &
Environmental Chemistry, 19(2), 169-180.
Shah, B., & Ghauri, B. (2015). Mapping urban heat island effect in comparison with the land
use, land cover of Lahore district. Pakistan Journal of Meteorology Vol, 11(22).
Shakir, H. A., Qazi, J. I., & Chaudhry, A. S. (2013). Monitoring the impact of urban effluents on
mineral contents of water and sediments of four sites of the river Ravi, Lahore.
Environmental monitoring and assessment, 185(12), 9705-9715.
Shrestha E, Ahmad S, Johnson W, and Batista J.R, (2012). The carbon footprint of water
management policy options. Energy Policy 42:201-212; doi:
10.1016/j.enpol.2011.11.074.
Shrestha E, Ahmad, S., Johnson, W., & Batista, J. R. (2011). The carbon footprint associated
with water management policy options in the Las Vegas Valley, Nevada. Journal of the
Nevada Water Resources Association, 6(1): 2-9.
Shrestha, B., Ahmad, S., Stephen, H. (2021). Assessing the relationship between the growth of
population and crop area with depletion of groundwater in Lower Bari Doab Canal.
World Environmental and Water Resources Congress, June 21-25, 2020. Virtual Online.
Sitokonstantinou, V., Papoutsis, I., Kontoes, C., Lafarga Arnal, A., Armesto Andrés, A. P., &
Garraza Zurbano, J. A. (2018). Scalable parcel-based crop identification scheme using
Sentinel-2 data time-series for the monitoring of the common agricultural policy. Remote
Sensing, 10(6), 911.
Skakun, S. (2012). A neural network approach to flood mapping using satellite imagery.
Computing and Informatics, 29(6), 1013-1024.
Slonecker, E. T., Jennings, D. B., & Garofalo, D. (2001). Remote sensing of impervious
surfaces: A review. Remote Sensing Reviews, 20(3), 227-255.

124

Small, C., & Lu, J. W. (2006). Estimation and vicarious validation of urban vegetation
abundance by spectral mixture analysis. Remote sensing of environment, 100(4), 441-456.
Small, C., Pozzi, F., & Elvidge, C. D. (2005). Spatial analysis of global urban extent from
DMSP-OLS night lights. Remote Sensing of Environment, 96(3-4), 277-291.
Smoke not smog. (6 November 2016). The Nation. https://nation.com.pk/06-Nov-2016/smokenot-smog
SNAP Software, Help Document 2019. Available online: https://step.esa.int/main/toolboxes/snap
(accessed on 14 December 2020).
Stefanov, W. L., Ramsey, M. S., & Christensen, P. R. (2001). Monitoring urban land cover
change: An expert system approach to land cover classification of semiarid to arid urban
centers. Remote sensing of Environment, 77(2), 173-185.
Stefanski, J.; Kuemmerle, T.; Chaskovskyy, O.; Griffiths, P.; Havryluk, V.; Knorn, J.; Korol, N.;
Sieber, A.; Waske, B. (2014). Mapping land management regimes in western Ukraine
using optical and SAR data. Remote Sensing, 6(6), 5279-5305.
Steinhausen, M. J., Wagner, P. D., Narasimhan, B., & Waske, B. (2018). Combining Sentinel-1
and Sentinel-2 data for improved land use and land cover mapping of monsoon regions.
International journal of applied earth observation and geoinformation, 73, 595-604.
Stephen, H., Ahmad, S., Piechota, T. C., & Tang, C. (2010a). Relating Surface Backscatter
Response from TRMM Precipitation Radar to Soil Moisture: Results over a Semi-Arid
Region. Hydrology and Earth System Sciences, 14(2), 193-204.
Stephen, H., Ahmad, S., Piechota, T. C., (2010b). Land Surface Brightness Temperature
Modeling Using Solar Insolation. IEEE Transactions on Geoscience and Remote Sensing.
48(1) 491-498.
Stemmer Imaging (n.d) https://www.stemmer-imaging.com/en-pl/knowledge-base/grey-levelgrey-value/ (accessed on February 23 2021)
Stocker, J. 1998. Methods for measuring and estimating impervious surface coverage. NEMO
Technical Paper No. 3, University of Connecticut, Haddam Cooperative Extension
Center.
Strohbach, M. W., Döring, A. O., Möck, M., Sedrez, M., Mumm, O., Schneider, A. K., Weber,
S. & Schröder, B. (2019). The “hidden urbanization”: Trends of impervious surface in
low-density housing developments and resulting impacts on the water balance. Frontiers
in Environmental Science, 7, 29.
Sukawattanavijit, C., & Chen, J. (2015, July). Fusion of multi-frequency SAR data with
THAICHOTE optical imagery for maize classification in Thailand. In 2015 IEEE

125

International Geoscience and Remote Sensing Symposium (IGARSS) (pp. 617-620).
IEEE.
Tamaddun K, Kalra A, Ahmad S. (2016). Identification of Streamflow Changes across the
Continental United States Using Variable Record Lengths. Hydrology.
3(2):24. doi:10.3390/hydrology3020024
Tamaddun K, Kalra A, Ahmad S (2018). Potential of rooftop rainwater harvesting to meet
outdoor water demand in arid regions. Journal of Arid Land, 10(1): 6883. https://doi.org/10.1007/s40333-017-0110-7.
Tamaddun, K.A., Kalra, A. & Ahmad, S. (2019a). Spatiotemporal Variation in the Continental
US Streamflow in Association with Large-Scale Climate Signals Across Multiple
Spectral Bands. Water Resources Management. https://doi.org/10.1007/s11269-01902217-8
Tamaddun, K. A., Kalra, A., Bernardez, M., & Ahmad, S. (2019b). Effects of ENSO on
Temperature, Precipitation, and Potential Evapotranspiration of North India’s Monsoon:
An Analysis of Trend and Entropy. Water, 11(2), 189.
Thakali R, Kalra A, Ahmad S (2016). Understanding the Effects of Climate Change on Urban
Stormwater Infrastructures in the Las Vegas Valley. Hydrology, 3(4), 34;
doi:10.3390/hydrology3040034.
Thakali R, Kalra A, Ahmad S, and Qaiser K (2018). Management of an Urban Stormwater
System Using Projected Future Scenarios of Climate Models: A Watershed-Based
Modeling Approach. Open Water Journal 5 (2).
Thakkar, A. K., Desai, V. R., Patel, A., & Potdar, M. B. (2017). Post-classification corrections in
improving the classification of Land Use/Land Cover of arid region using RS and GIS:
The case of Arjuni watershed, Gujarat, India. The Egyptian Journal of Remote Sensing
and Space Science, 20(1), 79-89.
Thanh Noi, P., & Kappas, M. (2018). Comparison of random forest, k-nearest neighbor, and
support vector machine classifiers for land cover classification using Sentinel-2 imagery.
Sensors, 18(1), 18.
Townshend, J., Justice, C., Li, W., Gurney, C., & McManus, J. (1991). Global land cover
classification by remote sensing: present capabilities and future possibilities. Remote
Sensing of Environment, 35(2-3), 243-255.
UN Water. UN-Water Annual Report 2008. Available online:
http://www.unwater.org/downloads/annualreport2008.pdf (accessed on 5 April 2021).
UN World Urbanization Prospects. (2018). United Nations. https://population.un.org/wup/

126

UN. The World’s Cities in 2018—the United Nations. Available online:
https://www.un.org/en/events/citiesday/assets/pdf/the_worlds_cities_in_2018_data_bookl
et.pdf. (accessed on 21 June 2019).
United Nations (2012). Department of Economic and Social Affairs, Population Division (2012):
World Urbanization Prospects: The 2011 Revision, New York
United Nations, 2008. United Nations expert group meeting on Population Distribution,
Urbanization, Internal Migration and Development. United Nations Population Division.
http:sustainabledevelopment.un.org content documents 2529P01_UNPopDiv.pdf.
van Vliet, J., Bregt, A. K., & Hagen-Zanker, A. (2011). Revisiting Kappa to account for change
in the accuracy assessment of land-use change models. Ecological modelling, 222(8),
1367-1375.
Venkatesan, A. K., Ahmad, S., Johnson, W., & Batista, J. R. (2011). System Dynamics Model to
Forecast Salinity Load to the Colorado River Due to Urbanization within the Las Vegas
Valley. Science of the Total Environment 409(13): 2616-2625.
Waske, B., & Benediktsson, J. A. (2007). Fusion of support vector machines for classification of
multisensor data. IEEE Transactions on geoscience and remote sensing, 45(12), 38583866.
Waske, B., & van der Linden, S. (2008). Classifying multilevel imagery from SAR and optical
sensors by decision fusion. IEEE Transactions on Geoscience and Remote Sensing,
46(5), 1457-1466.
Wayback Machine, (2010) Lahore_Climate_Data.txt. http://www.pakmet.com.pk/cdpc/Climate
Weng, Q., & Hu, X. (2008). Medium spatial resolution satellite imagery for estimating and
mapping urban impervious surfaces using LSMA and ANN. IEEE Transactions on
Geoscience and Remote Sensing, 46(8), 2397-2406.
Weng, Q., Hu, X., & Lu, D. (2008). Extracting impervious surfaces from medium spatial
resolution multispectral and hyperspectral imagery: a comparison. International Journal
of Remote Sensing, 29(11), 3209-3232.
Wickham, J. D., O'Neill, R. V., Riitters, K. H., Smith, E. R., Wade, T. G., & Jones, K. B. (2002).
Geographic targeting of increases in nutrient export due to future urbanization.
Ecological Applications, 12(1), 93-106.
Wilson, E. H., Hurd, J. D., Civco, D. L., Prisloe, M. P., & Arnold, C. (2003). Development of a
geospatial model to quantify, describe and map urban growth. Remote sensing of
environment, 86(3), 275-285.
127

Wu, C., & Murray, A. T. (2003). Estimating impervious surface distribution by spectral mixture
analysis. Remote sensing of Environment, 84(4), 493-505.
Wu, Y., Li, S., & Yu, S. (2016). Monitoring urban expansion and its effects on land use and land
cover changes in Guangzhou city, China. Environmental monitoring and
assessment, 188(1), 54.
Xu, R., Liu, J., & Xu, J. (2018). Extraction of high-precision urban impervious surfaces from
sentinel-2 multispectral imagery via modified linear spectral mixture analysis. Sensors,
18(9), 2873.
Yang, L., Huang, C., Homer, C. G., Wylie, B. K., & Coan, M. J. (2003). An approach for
mapping large-area impervious surfaces: synergistic use of Landsat-7 ETM+ and high
spatial resolution imagery. Canadian journal of remote sensing, 29(2), 230-240.
Zhang, H., Li, J., Wang, T., Lin, H., Zheng, Z., Li, Y., & Lu, Y. (2018). A manifold learning
approach to urban land cover classification with optical and radar data. Landscape and
Urban Planning, 172, 11-24.
Zhang, J., Li, P., & Wang, J. (2014). Urban built-up area extraction from Landsat TM/ETM+
images using spectral information and multivariate texture. Remote Sensing, 6(8), 73397359.
Zhang, Q., Wang*, J., Gong, P., & Shi, P. (2003). Study of urban spatial patterns from SPOT
panchromatic imagery using textural analysis. International Journal of Remote Sensing,
24(21), 4137-4160.
Zhou, Q., Mikkelsen, P. S., Halsnæs, K., & Arnbjerg-Nielsen, K. (2012). Framework for
economic pluvial flood risk assessment considering climate change effects and adaptation
benefits. Journal of Hydrology, 414, 539-549.
Zia, S., & Shirazi, S. A. (2019). Spatio-Temporal Analysis of Areas Vulnerable to Urban
Flooding: A Case Study of Lahore, Pakistan. International Journal of Economic and
Environmental Geology, 10(3), 85-89.

128

Curriculum Vitae
Binita Shrestha
Date: May 2021
Graduate College
University of Nevada Las Vegas
Department of Civil and Environmental Engineering and Construction

Email: shresthabinita710@gmail.com
Education
University of Nevada Las Vegas
M.S.E. Civil and Environmental Engineering, May 2021
Tribhuvan University, Kathmandu, Nepal
B.E. Civil Engineering, December 2018
Thesis Title: A Fusion of Remotely Sensed Data to Map the Impervious Surfaces of Growing
Cities of Punjab, Pakistan.
Thesis Examination Committee:
Co-chairperson, Dr. Sajjad Ahmad
Co-chairperson, Dr. Haroon Stephen
Committee Member, Dr. David James
Graduate College Representative, Dr. Ashok Singh

129

